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ABSTRACT

The expansion of large language models to effectively handle instructions with
extremely long contexts has yet to be fully investigated. The primary obstacle lies
in constructing a high-quality long instruction-following dataset devised for long
context alignment. Existing studies have attempted to scale up the available data
volume by synthesizing long instruction-following samples. However, indiscrimi-
nately increasing the quantity of data without a well-defined strategy for ensuring
data quality may introduce low-quality samples and restrict the final performance.
To bridge this gap, we aim to address the unique challenge of long-context align-
ment, i.e., modeling the long-range dependencies for handling instructions and
lengthy input contexts. We propose GATEAU, a novel framework designed to
identify the influential and high-quality samples enriched with long-range depen-
dency relations by utilizing crafted Homologous Models’ Guidance (HMG) and
Contextual Awareness Measurement (CAM). Specifically, HMG attempts to
measure the difficulty of generating corresponding responses due to the long-range
dependencies, using the perplexity scores of the response from two homologous
models with different context windows. Also, the role of CAM is to measure the
difficulty of understanding the long input contexts due to long-range dependencies
by evaluating whether the model’s attention is focused on important segments.
Built upon both proposed methods, we select the most challenging samples as the
influential data to effectively frame the long-range dependencies, thereby achieving
better performance of LLMs. Comprehensive experiments indicate that GATEAU
effectively identifies samples enriched with long-range dependency relations and
the model trained on these selected samples exhibits better instruction-following
and long-context understanding capabilities.

1 INTRODUCTION

Large Language Models (LLMs) with large context windows (Du et al., 2022; Li et al., 2023; Chen
et al., 2024b) have demonstrated impressive capabilities across a wide range of real-world tasks that
involve extremely long contexts, such as long-document summarization and multi-document question
answering (Bai et al., 2023). Recent works to build long-context LLMs mainly focus on broadening
the context window via position encoding extension and continual pre-training on long text (Chen
et al., 2023b; Pal et al., 2023; Peng et al., 2024; Xiong et al., 2024; Han et al., 2024).

Despite these advancements, few studies consider the alignment of long-context LLMs to leverage
their capabilities in understanding long input contexts and following complex instructions. A primary
obstacle lies in the difficulty of constructing a high-quality long instruction-following dataset for
supervised fine-tuning (SFT). Annotating long instruction-following data tends to be much more
challenging than short ones. Because it is non-trivial for annotators to understand an excessively
long context and provide high-quality responses. For example, annotators might be tasked with
writing a summary for a document containing more than 64k words based on the given instruction.
To bypass this, Li et al. (2023); Tworkowski et al. (2023); Xiong et al. (2024) construct the long
instruction-following dataset by concatenating short instruction-following samples. Nonetheless,
simply concatenating unrelated samples may not effectively simulate the long-range dependencies
required for long-context tasks. For long-context tasks, modeling long-range dependencies is crucial,
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as such strong semantic dependencies benefit LLMs to understand long input contexts and generate
high-quality responses (Chen et al., 2024a; Wu et al., 2024). To preserve the inherent long-range
dependency relations in the collected samples, Yang (2023); Chen et al. (2024b); Bai et al. (2024)
focus on synthesizing long instruction-following data. For instance, Bai et al. (2024) synthesizes
10k samples by employing Claude 2.1 (Anthropic., 2023), which supports a context window of 200k
tokens, to get responses for the collected long documents. However, LLMs trained on these synthetic
samples, even with sufficiently long contexts, may still struggle to model the long-range dependencies.
This is because indiscriminately increasing the quantity of data without a well-defined strategy for
ensuring data quality may introduce low-quality samples that lack long-range dependency relations,
e.g., such samples may rely solely on the limited tokens preceding the instruction or may not need to
use long input contexts to generate a correct response. Therefore, a critical question arises: How can
we effectively select influential samples from a vast amount of synthetic long instruction-following
data for long context alignment?

Unfortunately, previous studies for selecting high-quality instruction-following data primarily con-
centrate on short samples (Li et al., 2024b; Xia et al., 2024). Consequently, these studies may not be
effective for long context alignment, as they ignore the unique challenge in long context alignment,
i.e., how to select the samples enriched with meaningful long-range dependency relations. As such, we
introduce GATEAU, which consists of Homologous Models’ GuidAnce (HMG) and ConTExtual
Awareness MeasUrement (CAM), to identify the influential long instruction-following samples
enriched with long-range dependency relations to achieve better long context alignment. The two
proposed methods aim to separately measure the difficulty of generating corresponding responses
and understanding long input contexts due to the long-range dependencies.

Specifically, HMG measures the difficulty of generating corresponding responses due to the long-
range dependencies, by comparing the perplexity scores of the response between two homologous
models with different context windows (e.g., the perplexity scores from LLaMA-2-7B-base-4k
(Together.ai, 2023) and LLaMA-2-7B-base-64k (Bai et al., 2024)). The idea behind HMG is that the
primary difference between homologous models with varying context windows lies in their different
capabilities for modeling long-range dependencies. Thus, the disparity in the perplexity scores
can be interpreted as reflecting the difficulty of generating the response caused by the long-range
dependencies. The larger disparity between the scores indicates more difficulties for LLM in response
generation due to the long-range dependencies. We also introduce CAM to measure the difficulty
of understanding the long input contexts due to long-range dependencies, as it is hard for LLMs to
utilize crucial information hidden in extremely long contexts. We first calculate the importance score
of different input segments concerning the given response and subsequently measure whether LLMs
can pay more attention to more important segments. Should LLM’s attention focus more on less
important segments, it implies that it is hard for the LLM to comprehend the long input contexts
correctly. Ultimately, we take the weighted sum of both results from two methods as the final criterion
for ranking the data, selecting the most challenging samples as influential ones. When trained on
these selected samples characterized by complex long-range dependency relations, LLMs could
effectively model the long-range dependencies and achieve better instruction-following performance.

We conduct extensive experiments to evaluate the effectiveness of GATEAU, including long-context
understanding benchmark (LongBench (Bai et al., 2023)), long instruction-following benchmark
(LongBench-Chat (Bai et al., 2024)), short instruction-following benchmark (MT-Bench (Zheng et al.,
2023)), and Needle in A HayStack test (Gkamradt, 2023). With the proposed GATEAU, significant
performance boosts are observed by using selected samples, e.g., the model trained on only 10%
samples of the dataset achieves better performance than the model trained on the full dataset.

2 RELATED WORK

Long Context Alignment. Aligning the LLMs with instruction-following data can ensure they
understand user instructions and give high-quality responses, which has been extensively studied in
short context scenarios (Taori et al., 2023; Wang et al., 2023a;b). However, excessively long contexts
present unique challenges for long context alignment. Li et al. (2023); Tworkowski et al. (2023);
Xiong et al. (2024) construct the long instruction-following dataset by concatenating short instruction-
following samples. Yet, simply concatenating unrelated sentences may not effectively simulate the
long-range dependency relations for long-context tasks. Thus, Yang (2023); Chen et al. (2024b);
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Figure 1: An overview of our framework GATEAU. Unlike directly training LLMs with the entire
dataset, 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.

Bai et al. (2024) construct long instruction-following data by collecting long-context materials as
inputs and querying Claude to get the response. However, using these synthetic data without a clear
strategy for ensuring data quality may lead to the inclusion of low-quality samples (e.g., samples
without meaningful long-range dependency relations). Training LLMs on such low-quality samples
can ultimately constrain their final performance.

Data Selection for Alignment. As Zhou et al. (2023) makes the statement that less is more for
alignment, many works attempt to select influential and high-quality samples to empower the LLMs’
instruction-following capabilities. Chen et al. (2023a); Liu et al. (2024) attempt to utilize the feedback
from close-source LLMs (e.g., ChatGPT) to select samples. On the other hand, Cao et al. (2024);
Li et al. (2024b); Ge et al. (2024); Xia et al. (2024) try to utilize the well-designed metrics (e.g.,
complexity) based on open-source LLMs to rank and select the samples. Meanwhile, Li et al. (2024c¢);
Zhang et al. (2024) attempt to utilize the guidance from in-context learning. However, these methods
only focus on selecting short instruction-following data, ignoring the unique challenge in long context
alignment, i.e., selecting the samples enriched with meaningful long-range dependency relations.

By synthesizing long instruction-following data, Chen et al. (2024b); Bai et al. (2024) have effectively
expanded the data volume for long context alignment. In this work, we aim to select influential
samples from a vast ocean of synthetic data instead of indiscriminately increasing the quantity of
data. Meanwhile, different from previous works (Li et al., 2024b; Xia et al., 2024) that only consider
the selection of short instruction-following samples, we attempt to address the unique challenge
in long context alignment, i.e., the necessity for modeling long-range dependencies. Thus, we
propose GATEAU to measure the richness of long-range dependency relations in long samples. As
shown in Figure 1, GATEAU consists of Homologous Models’ Guidance and Contextual Awareness
Measurement, which separately measure the difficulty of generating corresponding responses and
understanding long input contexts due to the long-range dependencies.

2.1 HoMOLOGOUS MODELS’ GUIDANCE

Modeling long-range dependencies is essential for long context alignment (Chen et al., 2024a).
However, there is still no effective metric to directly quantify the richness of long-range dependency
relations in data, which hinders the selection of influential data. Therefore, in this section, we attempt
to approximately assess the richness of long-range dependency relations by measuring the difficulty
in generating corresponding responses due to the long-range dependencies. If LLMs find it harder to
generate target responses due to long-range dependencies, it means the sample has more complex
and meaningful long-range dependency relations. An intuitive approach is to use the perplexity score
to measure the difficulty of generating corresponding responses (Cao et al., 2024; Li et al., 2024b),
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as the score evaluates the extent to which the LLM’s output aligns with the corresponding correct
answer. For a given long instruction-following sample (¢, z;y), the perplexity score of the given
response y from LLMs @ is calculated as:

|yl

PPLy(ylc, ) = Exp(— ZlogP vile, z,y<i;9)), (1)

where ¢ means long input contexts and x means the given instruction. A higher PPLy(y|c, z)
indicates the harder the response of this long instruction-following data for LLM to generate.

However, we argue that a higher PPLgy(y|z) does not mean the increased difficulty in generating
corresponding responses is due to long-range dependencies. A higher PPLy(y|c, ) might be
attributed to certain limited capabilities of LLMs, such as the limited instruction-following capability
for the model without alignment, instead of handling the long-range dependency relations in this
sample is more challenging for the LLM. Therefore, to minimize the influence of other factors, we
propose Homologous Models’ Guidance (HMG). Specifically, we compare the perplexity scores
of the response between two homologous models with different context windows to measure the
difficulty due to the long-range dependencies. As homologous models (Yu et al., 2024) share the same
pre-training stage and model architecture (e.g., LLaMA-2-7B-base-4k (Touvron et al., 2023) and
LLaMA-2-7B-base-64k (Bai et al., 2024)), the only difference lies in their capabilities to model long-
range dependency relations due to the extending context windows stage. Based on this motivation,
we introduce the homologous models’ perplexity score HMP(c, x; y):

HMP (¢, z;y) = Norm(PPLg , (y|c, 2)) — Norm(PPLy, (y|c, z)). )

Model 64 employs short context windows and 6 is the model with long ones, e.g., LLaMA-2-7B-
base-4k 04 and LLaMA-2-7B-base-64k 0. We compute the difference in normalized perplexity
scores between two homologous models with different context windows as the metric. We apply
softmax normalization to each score to determine its respective ranking among the datasets, since per-
plexity scores of one sample from different models often can’t be directly compared. By introducing
a model 04 with weaker long-range dependencies modeling capability but other similar capabilities
learned during the pre-training stage, we mitigate the influence brought by lacking other capabilities
compared to simply using perplexity score as Eq. (1). Thus, the difference in perplexity scores is
primarily attributed to the different abilities in modeling long-range dependencies between model 6 4
and model 0 p. In other words, Eq. (2) reflects the difficulty of generating the corresponding response
caused by long-range dependencies. We use the drop from PPLy, to PPLy, in Eq. (2) because
model 64 tends to produce a high perplexity score due to its weak ability to model long-range depen-
dencies. Thus, a higher HMP(c, x; y) indicates more difficulties for LLM in response generation due
to the long-range dependencies, i.e., more long-range dependency relations in this sample.

2.2 CONTEXTUAL AWARENESS MEASUREMENT

Another challenge in long context alignment lies in enabling LL.Ms to understand and utilize the
extremely long input contexts. Due to the long-range dependencies, it is hard for LLMs to utilize
crucial information hidden in extremely long contexts, e.g., LLM’s attention may focus on irrelevant
content. Thus, we introduce Contextual Awareness Measurement (CAM) to evaluate whether
LLMs’ attention is appropriately focused on important segments within the long input contexts.
Simply put, we attempt to evaluate the importance score of each segment and calculate the LLM’s
attention weights on each one, getting the Contextual Awareness Score (CAS) via calculating their
similarity. For a given data (¢, z; y), we divide the input contexts ¢ into N segments [s1, 2, 83, -.., SN |
of equal length L. Specifically, for a given segment s;, we first compute the designed importance
score ISy(s;) and measure the significance of the segment in the response generation for LLM 6:

ly|

IS¢ (s;) = Norm(Exp(— | Z log P(yilsi, @, y<;30))). S

We only keep the given segment s; as input contexts to calculate the perplexity score of generating the
response y, indicating the difficulty of generating the corresponding response y based on segment s;.

We apply softmax normalization to each score Exp(— Zly‘ logP(y;|si, x, y<j; 0)) to determine
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its respective ranking among the segments {s;} ;. Thus, the higher ISq(s;) suggests a greater
difficulty for LLM 6 to generate the response based on segment s;, implying that it is less important.

Once the importance scores of different segments are calculated, we then utilize the attention weights

T
(i.e., the value of softmex(%) ) in the multi-head attention mechanism (Vaswani et al., 2017) to
measure how the LLM utilizes these segments. To achieve it, we use the averaged attention weights

of tokens [¢1, ..., t1] in segments s; as the score Attng(s;), which takes the form:

L
Attng(s;) = Norm(% Z Attng(t;|y;0)), 4)

j=1

where Attng(t;|y; #) means the attention weights averaged across the tokens in targeted response y
to the token ?; in segment s;. Meanwhile, we harness the attention weights averaged across different
decoder layers and attention heads to thoroughly model how the LLM utilizes the long input contexts
during the response generation (Hsieh et al., 2024). We apply softmax normalization to each score

% Zle Attng(t;|y; 0) to determine its respective ranking among the segments {s; }}¥ ; to yield the
score Attng(s;). In so doing, we can calculate the attention weights between the response and
segments, indicating how segments are utilized during the response generation.

Finally, we measure the difficulty of understanding the long input contexts due to long-range de-
pendencies. For a given long instruction-following sample, we compute the CAS by resorting
to the cosine similarity between importance scores [ISp(s1),...,1Sg(sn)] and attention weights
[Attng(s1), ..., Attng(sn)], as follows:

CAS(e, z;y) = CosSim([ISp(s1), ..., ISg(sn)], [Attng(s1), ..., Attng(sn)]). %)

By doing this, we can measure the difficulty of understanding the long input contexts by checking
whether LLMs’ attention is focused on important segments. The insight is that should the LLM’s
attention focus more on less important segments, it suggests that the LLM struggles to accurately
comprehend long input contexts. The higher CAS(c, z; y) indicates more difficulties in utilizing the
long input contexts to generate corresponding responses due to the long-range dependencies, which
also implies the more long-range dependency relations in this sample.

2.3 SELECTING AND TRAINING

In practice, we frame the overall metric by weighting and summing both designed metrics to rank the
data (c, z;y), then select the most challenging samples as the influential samples, i.e.,

Score(c, z;y) = o * Norm(HMP (¢, z;y)) + (1 — a) = Norm(CAS(c, z;y)). (6)

« is a hyperparameter. We tap softmax normalization to the HMP(c, x; y) and CAS(c, x; y) of the
given data across the whole dataset. Inspired by active learning (Li et al., 2024a), when trained
on these challenging data characterized by complex long-range dependency relations, LLMs could
effectively model the long-range dependencies and achieve better long context alignment.

LLMs are often fine-tuned with instruction-following data to learn to follow instructions. We aim to
apply supervised fine-tuning on the selected data (e.g., selecting 10% samples of full datasets with
top 10% scores according to Eq. (6)). Thus we train LLMs using the following objective function:

lyl

Lo(c,z;y) = = D 1ogP(ysle, z, y<i; 0)- @)

i=1

It is similar to a language modeling loss, while only computing the loss associated with the response.

3 EXPERIMENT

3.1 EXPERIMENTAL SETUP

Training Datasets. We use LongAlign (Bai et al., 2024) as the long instruction-following dataset,
which encompasses 10,000 long instruction-following samples. LongAlign is developed by using
collected long sequences from 9 sources and applying the Self-Instruct (Wang et al., 2023b) approach
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Table 1: Results (%) on LongBench in Real-world Settings. We use the ID to represent the dataset in
LongBench, e.g., 1-1 is the ID of NarrativeQA dataset. More details can be found in Appendix C.2.

Model Single-Doc QA Multi-Doc QA Summarization

-1 12 13 14 Avg 2-1 22 23 24 Avg 31 32 33 34 Avg

Auto Metrics
w/o SFT 09 39 64 36 37 73 871 21 154 84 239 62 140 178 115
w/o Long SFT 168 29.1 458 487 351 278 17.6 114 253 205 274 233 278 143 232
Full - 100% 184 299 46.1 499 36.1 27.1 208 112 300 223 287 240 267 159 238
Perplexity Guidance - 10% 199 32.0 46.6 458 36.1 221 232 104 303 215 313 238 260 17.7 247
CaR - 10% 169 241 476 423 327 221 198 113 300 208 319 231 262 186 250
Cherry Selection - 10% 199 30.8 472 43.1 353 252 214 106 283 214 300 241 251 17.0 24.1
GATEAU-LLaMA -10% 235 342 49.6 545 405 287 250 121 305 24.0 312 247 269 189 254
A compared to Full - 100% +5.1 +4.3 +3.5 +46 +44 +1.6 +42 +09 405 +1.8 +25 +0.7 +02 +3.0 +1.6
Perplexity Guidance - 30%  21.1 33.6 46.1 46.7 369 234 210 101 30.1 212 302 247 264 189 25.1
CaR - 30% 18.0 244 469 450 33.6 254 208 144 294 225 301 248 265 182 249
Cherry Selection - 30% 20.5 331 480 51.0 382 267 204 135 291 224 304 241 269 177 2438
GATEAU-LLaMA -30% 237 341 49.6 546 405 30.1 238 149 304 248 305 249 272 189 254
A compared to Full - 100% +53 +42 +3.5 +47 +44 +3.0 +3.0 +3.7 404 +25 +1.8 +09 +0.5 +3.0 +1.6
Perplexity Guidance - 50%  19.2 32.8 50.1 495 379 27.1 231 121 31.1 234 315 241 271 187 254
CaR - 50% 176 245 476 447 33.6 293 194 173 296 239 303 237 260 182 246
Cherry Selection - 50% 19.0 326 51.7 49.6 382 262 239 135 304 235 305 238 269 188 250
GATEAU-LLaMA -50% 202 334 521 498 389 30.7 252 150 325 258 313 246 271 188 255
A compared to Full - 100% +1.8 +3.5 +6.0 -0.1 +2.8 +3.6 +44 +38 425 +3.6 +26 +0.6 +04 +29 +1.6
GPT-4 Evaluation

w/o SFT 338 38.0 41.1 348 369 413 372 333 420 385 392 202 37.1 309 319
w/o Long SFT 587 66.7 831 792 719 702 534 487 613 584 573 362 552 384 468
Full - 100% 628 69.0 831 813 741 715 548 513 662 61.0 587 398 576 412 493
Perplexity Guidance - 10%  62.0 68.8 86.4 856 757 735 597 521 682 634 676 413 670 449 552
CaR - 10% 603 69.0 860 848 750 69.1 583 523 685 62.1 641 414 603 421 520
Cherry Selection - 10% 60.8 672 867 843 748 713 578 51.0 69.0 623 613 400 648 415 519
GATEAU-LLaMA -10% 63.6 69.2 869 87.1 767 748 60.8 531 695 64.6 67.6 42.6 662 478 56.1
A compared to Full - 100% +0.8 +0.2 +3.8 +58 +2.7 +33 +6.0 +1.8 433 +3.6 +89 +2.8 +8.6 +6.6 +6.7
Perplexity Guidance - 30%  62.8 67.3 862 826 747 723 593 508 67.8 62.6 623 41.7 648 427 529
CaR - 30% 613 673 864 853 751 683 583 532 668 61.7 646 39.7 607 412 51.6
Cherry Selection - 30% 62.0 668 87.1 843 751 743 593 527 687 638 623 405 646 444 53.0
GATEAU-LLaMA -30% 63.0 70.8 87.6 858 768 757 61.0 557 695 655 675 447 659 474 564
A compared to Full - 100% +0.2 +1.8 +4.5 +45 +28 +42 +62 +44 433 +45 +88 +49 +83 +62 +7.1
Perplexity Guidance - 50%  63.1 68.1 87.8 82.1 753 742 592 525 692 638 647 41.1 657 421 534
CaR - 50% 60.0 663 856 842 740 707 558 543 682 623 644 41.1 608 403 517
Cherry Selection - 50% 62.8 655 862 828 743 722 568 527 678 624 646 394 641 421 526
GATEAU-LLaMA -50% 63.5 70.3 897 865 77.5 753 60.8 535 685 645 651 41.6 659 46.1 54.7
A compared to Full - 100%  +0.7 +1.3  +6.6 +52 +35 +38 +6.0 +22 423 +3.6 +64 +1.8 +83 +49 +54

with long-context LLM Claude 2.1 (An-
thropic., 2023). Though initially competi-
tive, its dependence on Claude 2.1 synthesized

Table 2: Results (%) on LongBench-Chat in Real-
world and Limited Short Instruction Data Settings.

data may lead to quality concerns. Thus, our Model Real-world _ Limited
method to apply the selection of long instruc- x;g ii:g SFT ;(7)'2 ;2'421
tion data‘ls begse'd on the LongAhgn dataset. Full - 100% 488 508
Meanwhile, similar to Bai et al. (2024), to Perplexity Guidance - 10% 522 490
maintain the model’s general capabilities and CaR -10% 50.8 49.0
its proficiency in following short instructions, Cherry Selection - 10% 532 508
lize ShareGPT d Chi ) GATEAU-LLaMA - 10% 55.4 58.0
we utilize Share ataset (Chiang et al,, Perplexity Guidance - 30% 0.6 518
2023) as the source of short instruction data CaR - 30% 48.6 514
in our training data (empty assistant responses Cherry Selection - 30% 504 524
are filtered out). To further explore the ef- AT LAY oSl S8 232
fects of mixture proportions of long and short Perplexity Guidance -30% — 49.8 2L
fects of mixture proporti g CaR - 50% 496 516
instruction-following samples, we evaluate our Cherry Selection - 50% 50.6 532
method in both Real-world Settings and Lim- GATEAU-LLaMA - 50% 56.8 59.0

ited Short Instruction Data Settings. Real-

world Settings (Bai et al., 2024) indicates real-world users prioritize short instruction-following
interactions. Thus, to stay close to real-world situations, we attempt to use the full ShareGPT dataset
as short instruction-following data. We also explore scenarios where short instruction data is limited,
utilizing only the first 10% of ShareGPT, named Limited Short Instruction Data Settings.

Training Settings. In our experiments, we use LLaMA-2-7B-base-4k (Touvron et al., 2023) and
LLaMA-2-7B-base-64k (Bai et al., 2024) as homologous models to apply the proposed Homologous
Models’ Guidance. LLaMA-2-7B-base-4k is a well-known open-sourced LLM with a context window

6
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Table 3: Results (%) on LongBench in Limited Short Instruction Data Settings.

Model Single-Doc QA Multi-Doc QA Summarization

-1 12 13 14 Avg 21 22 23 24 Avg 31 32 33 34 Avg

Auto Metrics
w/o SFT 09 39 64 36 37 73 871 21 154 84 239 62 140 178 115
w/o Long SFT 138 192 383 37.1 271 152 147 82 257 160 294 244 250 193 245
Full - 100% 147 201 370 370 272 154 138 86 267 161 293 245 256 186 245
Perplexity Guidance - 10% 154 192 41.0 378 284 150 148 85 256 160 288 239 261 178 242
CaR - 10% 1.5 177 377 300 242 156 125 84 259 156 293 241 262 182 245
Cherry Selection - 10% 146 192 412 377 282 157 146 7.6 253 158 294 241 260 17.8 243
GATEAU-LLaMA -10% 17.1 20.7 434 383 299 199 185 82 268 184 29.6 243 263 183 24.6
A compared to Full - 100% +2.4 +0.6 +6.4 +13 +2.7 +45 +4.7 -04 +0.1 +22 +03 -02 +0.7 -03 +0.1
Perplexity Guidance - 30% 153 20.6 423 382 29.1 174 159 86 275 174 283 243 257 190 243
CaR - 30% 136 183 41.0 305 259 167 158 94 270 172 288 243 253 184 242
Cherry Selection - 30% 159 195 423 390 292 173 163 93 262 173 292 250 261 182 246
GATEAU-LLaMA -30% 17.7 204 43.1 386 299 225 185 11.6 27.7 201 305 243 268 19.7 253
A compared to Full - 100% +3.0 +0.3 +6.1 +1.6 +2.7 +7.1 +47 +3.0 +1.0 +4.0 +1.2 -02 +1.2 +1.1 +0.8
Perplexity Guidance - 50% 164 20.6 39.1 37.1 283 167 164 82 260 168 293 251 252 19.1 247
CaR - 50% 12.1 181 404 304 253 173 151 9.0 263 169 283 236 251 189 240
Cherry Selection - 50% 155 195 389 373 278 154 163 88 261 167 306 248 253 189 249
GATEAU-LLaMA -50% 18.5 225 439 391 31.0 179 167 9.6 28.0 181 30.1 253 26.6 194 253
A compared to Full - 100% +3.8 +24 +69 +2.1 +3.8 +25 +29 +1.0 +13 +19 +0.8 +0.8 +09 +08 +0.8
GPT-4 Evaluation

w/o SFT 338 38.0 41.1 348 369 413 372 333 420 385 392 202 371 309 319
w/o Long SFT 623 70.8 885 827 761 728 606 518 673 63.1 647 41.1 614 41.6 522
Full - 100% 587 69.7 858 830 743 705 587 508 678 620 596 384 59.6 433 502
Perplexity Guidance - 10%  62.8 692 893 857 76.8 738 59.1 541 711 645 698 458 657 501 579
CaR - 10% 628 683 83.0 827 755 71.8 580 527 688 628 655 420 618 431 53.1
Cherry Selection - 10% 628 69.8 86.7 857 763 720 587 525 693 631 632 433 60.1 464 533
GATEAU-LLaMA -10% 64.8 74.7 898 865 79.0 752 612 546 700 653 711 473 67.0 542 599
A compared to Full - 100% +6.1 +5.0 +4.0 +3.5 +47 +47 425 +38 +22 +33 +11.5 +89 +74 +109 +9.7
Perplexity Guidance - 30%  62.5 71.8 88.2 838 766 746 585 535 693 640 675 440 647 504 567
CaR - 30% 60.8 70.7 884 81.8 754 730 59.0 535 685 635 641 409 623 458 533
Cherry Selection - 30% 628 71.7 889 875 777 703 587 503 682 619 629 435 652 446 541
GATEAU-LLaMA -30% 64.8 73.0 893 862 783 747 610 542 698 649 708 460 664 514 587
A compared to Full - 100% +6.1 +3.3 +43.5 +32 +4.0 +42 423 +34 +2.0 +3.0 +112 +7.6 +6.8 +8.1 +84
Perplexity Guidance - 50%  61.5 683 851 828 744 723 593 520 677 628 602 409 586 423 505
CaR - 50% 623 68.1 869 80.1 744 71.0 587 528 68.0 626 644 412 61.1 456 53.1
Cherry Selection - 50% 612 69.7 862 837 752 69.7 568 495 662 60.6 641 418 605 437 525
GATEAU-LLaMA -50% 63.7 71.8 87.1 847 768 740 600 538 69.0 642 66.1 439 624 464 54.7
A compared to Full - 100% +5.0 +2.1 +1.3 +1.7 +25 +35 +1.3 +3.0 +1.2 +23 +65 +55 +28 +3.1 +45

of 4k tokens. To extend context windows of
LLaMA-2, Bai et al. (2024) propose LLaMA-
2-7B-base-64k by modifying the RoPE po-

Table 4: Results (%) on MT-Bench in both Real-
world and Limited Short Instruction Data Settings.

sition encoding (Su et al., 2023) and apply- Model Real-world Limited
ing continual training on data with lengths wio SET o .6
o wlo Long SFT 53.7 50.5
under 64k, for a total of 10 billion tokens. Full - 100% 543 477
Meanwhile, for LLaMA-2-7B-base-4k, we ex- Perplexity Guidance - 10% 56.1 50.9
pand the base frequency b of the RoPE posi- CaR-10% 54.9 49.9
tion encoding by 200 times (from 10,000 to Cherry Selection - 10% 368 47.6
. GATEAU-LLaMA - 10% 58.6 53.4
2,000,000) to extend the context windows and Perplexity Guidance - 30% 5.0 502
avoid the model conducting extreme perplexity CaR - 30% 543 48.6
score (>1,000) in Homologous Models’ Guid- Cherry Selection - 30% 54.3 458
ance. For Contextual Awareness Measurement, SAT]E‘?U'EI{:MA : 35%'2’ :g'g ig'g

t F: - B .

we use LLaMA-2-7B-base-64k to calculate ng e’;lo,y,/n Hcanee =T 547 S12
the score as we use selected samples to train Cherry Selection - 50% 56.3 49.6
the LLaMA-2-7B-base-64k as our final model GATEAU-LLaMA - 50% 573 54.2

GATEAU-LLaMA. We also use 13B-scale

LLaMA (i.e., LLaMA-2-13B-base-4k (Touvron et al., 2023) and LLaMA-2-13B-base-64k (Bai et al.,
2024)) to explore whether our method fits larger LLMs. More details are shown in the Appendix A.

Baselines. We compare our method GATEAU with multiple instruction data selection baselines,
including variants of our proposed method and methods that focus on the selection of short instruction
data. Cherry Selection (Li et al., 2024b) and CaR (Ge et al., 2024) are state-of-the-art methods
to select the influential short instruction-following data. We also use the perplexity score from
long-context LLM as guidance to select long instruction-following samples according to Eq. (1),
named as Perplexity Guidance. More details can be found in the Appendix B.
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Figure 2: Needle in the Haystack test.

Evaluation. To gauge the effectiveness of our method, we conduct extensive evaluations on different
benchmarks. We use LongBench-Chat (Bai et al., 2024) to evaluate the models’ long context
alignment proficiency, which is a benchmark that compromises open-ended questions of 10k-100k
in length. It covers diverse aspects of instruction-following abilities such as reasoning, coding,
summarization, and multilingual translation over long contexts. GPT-4 (OpenAl, 2023) is employed
to score the machine-generated responses based on the annotated ground-truths and few-shot scoring
examples. We also employ bilingual and multi-task benchmark LongBench (Bai et al., 2023) to
evaluate the model’s long context understanding abilities. We conduct evaluations on three types of
tasks the same as Bai et al. (2024), including Single-Doc QA, Multi-Doc QA, and Summarization.
Meanwhile, as aligned models generally produce longer responses, rather than relying solely on the
original automated metrics (e.g., ROUGE, F1) to evaluate the models’ replies, we keep the same
as Bai et al. (2024) to employ GPT-4 to evaluate the model outputs based on their alignment with
the ground-truth answers on LongBench. We use MT-Bench (Zheng et al., 2023), a multi-turn chat
benchmark, to measure the models’ ability to follow short instructions via GPT-4 rating. To ensure
the most stable evaluation results, we use GPT-4 to score twice on LongBench-Chat, MT-Bench, and
LongBench, and average these scores to obtain the final score. More details about evaluation (e.g.,
the rating prompts) can be found in Appendix C.

3.2 IMPACT OF GATEAU

Enhancing the Long-Context Understanding Capabilities. The experimental results are shown
in Table 1 and Table 3 for the LongBench benchmark. Our methods achieve consistent and remark-
able performance gains in both different settings and evaluations. We show the improved scores
(A compared to Full-100%) compared to indiscriminately using the whole dataset (Full-100%),
indicating that GATEAU helps LLM to better understand and utilize the long input contexts. Further,
we find that the baselines focusing on the selection of short instruction-following data (CaR and
Cherry Selection) hold inferior results, sometimes even worse than indiscriminately using the whole
dataset (Full-100%). This can be attributed to these methods are not designed for long context
alignment and understanding, thus failing to select the samples enriched with long-range dependency
relations. Meanwhile, we can see that using 30% of the whole long instruction-following dataset
(GATEAU-LLaMA-30%) can achieve the best performance of LongBench in two different settings.
This is because its ability to maintain an optimal balance between the volume and quality of the long
instruction-following samples it utilizes, leading to the most desirable results.

Improving Instruction-Following Capabilities for Both Short and Long Inputs. The experimental
results are presented in Table 2 and Table 4 for the LongBench-Chat and MT-Bench benchmarks in
two settings. It shows our proposed method GATEAU can consistently improve LLMs’ capabilities
in following both long and short instructions and generating high-quality responses. Compared to
indiscriminately using the whole dataset (Full-100%), using the selected subset of the long instruction-
following dataset (GATEAU-LLaMA) can significantly improve the instruction-following capabilities,
e.g., increasing 9% in LongBench-Chat and 6.5% in MT-Bench. Meanwhile, the low performance of
w/o Long SFT in LongBench-Chat indicates that using long instruction-following data is important
for the performance of LLMs in handling the instructions with long input contexts. The results also
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Table 5: Results (%) of ablation study and scalability test.

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 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 16.7 244 59.4 66.0 54.1 59.6
GATEAU-LLaMA - 7B - 50% 38.9 25.8 255 56.8 64.1 50.4 57.3
-w/o Contextual Awareness Measurement 384 243 25.1 532 61.7 515 56.6
-w/o Homologous Models’ Guidance 38.6 245 249 52.8 63.1 493 56.3
-w/o Data Selection (i.e., Full - 100%) 36.1 223 23.8 48.8 60.0 48.7 543
Limited Short Instruction Data Settings

GATEAU-LLaMA - 13B - 50% 321 19.1 253 62.6 66.0 51.5 58.8
-w/o Contextual Awareness Measurement 31.4 18.4 24.7 59.6 64.2 50.3 573
-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 49.8 554
GATEAU-LLaMA - 7B - 50% 31.0 18.1 25.3 59.0 64.2 4.1 54.2
-w/o Contextual Awareness Measurement 28.5 17.5 24.7 532 61.3 424 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

show that our method GATEAU achieves uniformly better performance in varying ratios of used
long instruction-following samples compared with other baselines, indicating the effectiveness of our
method. Compared with baselines focusing on short instruction-following samples (CaR and Cherry
Selection), GATEAU can identify samples enriched with long-range dependency relations more
effectively and help LLMs to achieve better overall performance. Also, we observe that the selection
of long instruction-following samples aids in augmenting the instruction-following capabilities for
short inputs. We conjecture that handling complex tasks (i.e., long input contexts) contributes to
handling the easy ones (i.e., short input contexts).

3.3 DISCUSSION

Needle in the Haystack Test. We conduct the (Lon Coherence

. . . g Input Contexts)
“Needle in A HayStack” experiment (result visu- s 1% Highest
alization in Figure 2 ) to test the model’s ability —— 1% Lowest

to utilize information from 10 different positions

within long contexts of varying lengths between _
1k-60k. Specifically, this task asks for the mOdel  (ong mves omtexts)
to retrieve a piece of fact (the ‘needle’) that is Pl
inserted in the middle (positioned at a specified

depth percent) of a long context window (the

‘haystack’). These results show that GATEAU

can help LLM’s ability to utilize information

from different positions within long texts, result-

ing in a decrease in the model’s retrieval error.

Complexity
(Instruction)
20

Ablation Study. To evaluate the effectiveness o 50
of two designed metrics, including Homologous Pistisiinges e

Models’ Guidance and Contextual Awareness
Measurement, we conduct the ablation study
in Table 5. One can observe that Homologous
Models’ Guidance and Contextual Awareness
Measurement can both enhance LLMs’ instruction-following and long-context understanding ca-
pabilities. This indicates the effectiveness of GATEAU and using both two methods can further
improve the overall performance as they separately measure the difficulty of generating corresponding
responses and understanding long input contexts due to the long-range dependencies.

Scalability Test. We explore whether our method GATEAU can fit in larger LLMs in Table 5.
To do so, we apply GATEAU on Llama-2-13B and fine-tune Llama-2-13B-64k (Bai et al., 2024)
using the selected samples. Compared to the 7B-scale model (GATEAU-LLaMA-7B), the 13B model
(GATEAU-LLaMA-13B) shows consistent improvements on three benchmarks. This indicates that
GATEAU scales effectively to larger-scale models.

Figure 3: The comparison between samples with
top 1% and least 1% scored by our method.

General Characteristics of Selected Samples. We delve into whether the selected samples based on
our method align with known characteristics of high-quality training data as shown in Figure 3. To
this end, we select 100 samples with the top 1% scores and 100 samples with the least 1% scores.

9
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Figure 4: Average score (%) under different context lengths on LongBench.

Utilizing GPT-4, we evaluate each sample on

. Ours Wins Tie Full (100%) Wins
five aspects: the coherence of long input con- = : St

texts, the necessity of long input contexts, help- 50% 1 | 032

fulness of response, the faithfulness of response, §

and the complexity of instruction. A sample 7§ 3% | om | |

with a higher score tends to be more high- =

quality, esiecially the long input contexts a%ld o 1_00/1 ﬁ‘ — _0'3_2 — _‘T___‘ i

the response of the sample. It also illustrates o 50% ] | P ’ ‘

the difference between samples with high orlow &

scores and verifies the effectiveness of GATEAU E 30% 1 | oz

in identifying the influential samples. The com- g

plexity of instruction, in particular, shows a ™ 10% - | o | |

mere improvement compared to other charac- ‘ : .
0.0 0.2 0.4 0.6 0.8 1.0

teristics. We further evaluate the whole dataset
on this characteristic and find that all samples
show consistently low scores, which may be due
to the limitation of the synthetic dataset. As these samples are synthesized by close-source LLMs, the
instructions are easy for these close-source LLMs. More details can be found in the Appendix D.1.

Figure 5: Human evaluation in two settings.

Human Evaluation. To better illustrate the efficacy of our method, further human evaluation is
conducted. Specifically, we evaluate the whole LongBench-Chat benchmark, which consists of 50
instances. We invited three human participants (all of them are Ph.D. students or Master students) to
compare the responses generated by the models. For each comparison, three options are given (Win,
Tie, and Loss) and the final results are determined by the majority voting of the participants. Table 5
showcases the effectiveness of our method, i.e., our trained models show consistent preference from
human participants. More details can be found in the Appendix D.4.

Variation of Abilities under Different Context Lengths. Figure 4 reports the macro-average scores
(%) on data in length ranges of 0-4k, 4k-8k, and 8k+. We can find that our method improves the
performance in long input contexts scenarios (i.e., 4k-8k and 8k+) compared to using the whole
training dataset (Full-100%). Meanwhile, indiscriminately utilizing the whole long SFT dataset
(Full-100%) even hinders the performance in long input contexts scenarios (i.e., 4k-8k and 8k+)
compared to only utilizing short instruction-following dataset (-w/o Long SFT). This further confirms
the necessity of selecting influential samples and the effectiveness of our method.

4 CONCLUSION

In this study, we introduce GATEAU, a new novel framework designed to select influential samples
for long context alignment. Different from previous studies for selecting the short SFT samples, we
attempt to address the unique challenge in long context alignment, i.e., the necessity for modeling
long-range dependencies. To measure the richness of long-range dependency relations in long SFT
samples, we propose Homologous Models’ Guidance and Contextual Awareness Measurement to
separately measure the difficulty of generating corresponding responses and understanding long input
contexts due to the long-range dependencies. Trained on these selected influential samples based on
our method, our model achieves better alignment. Extensive experimental evaluation and analysis
have consistently shown the effectiveness of our proposed GATEAU compared to other methods.

10
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A TRAINING DETAILS

All models are trained with 8xA800 80G GPUs and DeepSpeed+ZeRO3+CPU offloading. We use
BF16 in both our training and inference. The models can be trained with a maximum length of 64k
tokens without GPU memory overflow. Consequently, we set the maximum length of the training data
to 64k, with any data exceeding this length being truncated from the right side. We keep the same
maximum length in the Homologous Model’s Guidance and Contextual Awareness Measurement but
truncated from the left side to keep the original responses. We set the batch size to 8, with a gradient
accumulation step of 12 for all the training methods. We train 2 epochs on the training data. We set
the learning rate as 2e-5 and use AdamW (Loshchilov & Hutter, 2019) as our optimizer. The 31 and
B2 in AdamW optimizer are set to 0.9 and 0.95. Meanwhile, the length of segment L is set to 128
in Contextual Awareness Measurement. Hyperparameter « in Eq. (6) is set to 0.7 in Limited Short
Instruction Data settings and 0.8 in Real-world Settings.

B BASELINES

In this section, we detail the design of baselines in our experiments.

w/o SFT. For w/o SFT, we directly utilize the base model without alignment to get the experiment
results, i.e., the results of LLaMA-2-7B-base-64k.

w/o Long SFT. For w/o Long SFT, we just use the short instruction data from ShareGPT to apply
the supervised fine-tuning stage for alignment. The number of used short instruction samples from
ShareGPT is determined by the different settings.

Full - 100%. For Full - 100%, we use the full data of LongAlign, including 10k long instruction
samples, to conduct the supervised fine-tuning for alignment. The number of used short instruction
samples from ShareGPT is determined by the different settings.

Perplexity Guidance. We use the perplexity score from LLM as guidance to select long instruction-
following samples according to Eq. (1). We select the long instruction-following samples with the
highest perplexity scores as the most influential samples to train the model. Meanwhile, the number
of used short instruction samples from ShareGPT is determined by the different settings.

CaR. This work (Ge et al., 2024) proposes a straightforward yet efficacious short instruction-following
selection framework. This method first selects a subset that ensures the retention of a large number of
high-quality instructions and then supplements a small number of high-quality instructions from each
cluster to enhance the diversity of the data while preserving instruction quality. Specifically, this work
first employs a small-scale trained reward model (355M parameters) to get the score of the samples.
Meanwhile, the cluster model is employed to cluster all candidate instruction pairs into k clusters
Finally, all instruction pairs are sorted based on their scores, and the top n; pairs are selected; within
each cluster, instruction pairs are sorted by score, and the top ng pairs are chosen. A high-quality
sub-dataset with preserved diversity is then curated by duplicating n; + k x ng pairs of instructions.
We directly use the same reward model and hyperparameters to select long instruction-following
samples. Meanwhile, the number of used short instruction samples from ShareGPT is determined by
the different settings.

Cherry Selection. Li et al. (2024b) proposes a method for autonomously sifting through expansive
open-source short instruction-following datasets to discover the most influential training samples. At
the heart of this method is the hypothesis that during their preliminary training stages with carefully
chosen instruction data, LLMs can develop an intrinsic capability to discern instructions. This
foundational understanding equips them with the discernment to assess the quality of broader datasets
thus making it possible to estimate the instruction-following difficulty in a self-guided manner. To
estimate the difficulty of a given example, this work proposes a novel metric called Instruction-
Following Difficulty (IFD) score in which both models’ capability to generate a response to a given
instruction and the models’ capability to generate a response directly are measured and compared. By
calculating IFD scores, this method quantifies the challenge each sample presents to the model and
utilizes selected data with standout IFD scores to hone the model. We apply this method to select the
long instruction-following samples as the baseline. Meanwhile, the number of used short instruction
samples from ShareGPT is determined by the different settings.
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C EVALUATIONS

C.1 LONGBENCH-CHAT

Evaluation Data. LongBench-Chat focuses on assessing LLMs’ instruction-following capability
under the long context. LongBench-Chat includes 50 long context real-world queries ranging
from 10k to 100k in length, covering various key user-intensive scenarios such as document QA,
summarization, and coding. It consists of 40 tasks in English and 10 in Chinese.

Evaluation Prompts. LongBench-Chat employs GPT-4 to score the model’s response in 1-10 based
on a given human-annotated referenced answer and few-shot scoring examples for each question. We
use the same prompt as LongBench-Chat to get GPT-4’s evaluation:

LongBench-Chat Evaluation Prompt

[Instructions] You are asked to evaluate the quality of the Al 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 Al assistant’s answer and compare the assistant’s answer with the reference answer.
2. Identify all errors in the Al Assistant’s answers and consider how much they affect the answer
to the question.

3. Evaluate how helpful the Al 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 Al 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 exam-
ples above:

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

Rating:

C.2 LONGBENCH

Evaluation Data. LongBench is the first bilingual, multitask benchmark tailored for long context
understanding. LongBench includes different languages (Chinese and English) to provide a more
comprehensive evaluation of the large models’ bilingual capabilities in long-context understanding.
Detailed statistics of the used dataset in LongBench can be found in Table 6.

Evaluation Prompts. We also conduct GPT-4 evaluation for LongBench. As aligned models
generally produce longer responses, rather than relying solely on the original automated metrics
(ROUGE, F1) to evaluate the models’ replies, we additionally employ GPT-4 to assess the model
outputs based on their alignment with the ground-truth answers on LongBench. For the first two QA
tasks, the prompt for the GPT-4 evaluator is the same as Bai et al. (2024):
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Table 6: An overview of the dataset statistics in LongBench. ‘Source’ denotes the origin of the
context. ‘Avg len’ (average length) is computed using the number of words for the English datasets
and the number of characters for the Chinese datasets.

Dataset ID  Source Avglen AutoMetric 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 Fl English 150
MultiFieldQA-zh 1-4  Multi-field 6,701 F1 Chinese 200
Multi-Document QA

HotpotQA 2-1 Wikipedia 9,151 Fl English 200
2WikiMultihopQA 2-2  Wikipedia 4,887 F1 English 200
MusSiQue 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

LongBench Evaluation Prompt for QA tasks

You are asked to evaluate the quality of the Al assistant’s answers to user question 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 Al
assistant’s answer and compare against the reference answer, and give an overall integer rating
in 1, 2, 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:

The prompt for GPT-4 evaluation on summarization tasks is the same as Bai et al. (2024):

LongBench Evaluation Prompt for summarization tasks

You are asked to evaluate the quality of the Al 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 Al assistant’s summary and compare against the reference summary, and give an overall
integer rating in 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:

C.3 MT-BENCH

Evaluation Data. MT-Bench is a benchmark consisting of 80 high-quality multi-turn questions. MT-
bench is designed to test multi-turn conversation and instruction-following ability, covering common
use cases and focusing on challenging questions to differentiate models. MT-Bench is also carefully
constructed to differentiate chatbots based on their core capabilities, including writing, roleplay,
extraction, reasoning, math, coding, knowledge I (STEM), and knowledge II (humanities/social
science). To automate the evaluation process, MT-Bench prompts strong LLMs like GPT-4 to act as
judges and assess the quality of the models’ responses. In MT-bench, we use single-answer grading
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Table 7: Detailed results (%) of MT-Bench.

Model First-turn Second-turn Writing Roleplay Reasoning Math Coding Extraction STEM Humanities
Real-world Settings
w/o SFT 435 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 25.5 425 63.0 86.5
Full - 100% 60.0 48.7 78.5 70.3 455 19.0 29.0 42.0 67.5 83.0
Perplexity Guidance - 10% 63.1 48.9 68.7 67.0 43.5 26.5 332 50.5 69.8 88.5
CaR - 10% 59.8 50.0 76.5 75.3 445 24.5 24.8 435 64.2 849
Cherry Selection - 10% 63.0 50.5 74.5 73.8 42.3 25.0 325 483 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 28.0 284 49.0 72.5 822
CaR - 30% 60.0 48.6 79.3 77.0 385 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 71.0 473 24.5 28.0 4.0 69.5 86.3
CaR - 50% 61.6 479 74.0 77.3 39.0 21.5 24.5 42.0 67.8 91.8
Cherry Selection - 50% 62.9 49.6 71.8 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 435 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 23.5 383 63.5 79.1
Full - 100% 545 40.9 65.8 56.0 355 21.0 235 34.0 67.5 78.3
Perplexity Guidance - 10% 61.9 39.5 73.8 61.8 39.3 275 29.1 47.1 58.5 723
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 56.8 723 39.5 17.0 26.5 34.8 59.3 753
GATEAU-LLaMA - 10% 62.2 44.6 69.9 67.5 39.8 24.0 2175 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% 52.8 443 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 19.5 204 355 63.5 69.7
GATEAU-LLaMA - 30% 62.0 43.7 62.0 65.7 454 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% 583 44.1 70.0 67.2 43.3 25.5 30.5 28.5 71.5 73.5
Cherry Selection - 50% 577 414 70.0 63.2 375 183 26.3 439 61.1 76.5
GATEAU-LLaMA - 50% 64.2 44.1 61.5 67.0 46.3 28.0 314 47.0 65.8 84.3

mode as recommended by MT-Bench’s authors. This mode asks GPT-4 to grade and give a score to
the model’s answer directly without pairwise comparison. For each turn, GPT-4 will give a score on a
scale of 10. We then compute the average score on all turns.

More Detailed Results. We show the detailed results of MT-Bench in Table 7.

C.4 NEEDLE IN THE HAYSTACK TEST

For the “Needle in A Haystack” evaluation, following the same original configuration as the original
method (Gkamradt, 2023), we use “The best thing to do in San Francisco is eat a sandwich and sit
in Dolores Park on a sunny day.” as the needle fact, and Paul Graham’s essays as the long haystack
context. We use the same prompt as Bai et al. (2024): “What is the best thing to do in San Francisco?
Here is the most relevant sentence in the context:”.

C.5 GPT-4 VERSION

For all the evaluations using the GPT-4 (evaluations for LongBench-Chat, LongBench, MT-Bench,
and Needle in the Haystack test), we used GPT-4 API in August 2024. It ensures that we keep the
same as Bai et al. (2024). According to the documents from OpenAl ', GPT-4 API currently points
to GPT-4-0613 API.

D FURTHER EXPLORATION

D.1 GENERAL CHARACTERISTICS OF SELECTED SAMPLES FROM GATEAU

Utilizing GPT-4, we evaluate each sample on five aspects: the coherence of long input contexts,
the necessity of long input contexts, helpfulness of response, the faithfulness of response, and the
complexity of instruction. Different from the previous GPT-4 evaluation detailed in the Appendix
C.5, we use GPT-4-Turbo API (now points to GPT-4-Turbo-2024-04-09) as our evaluator, as this
version of API has larger context window to conduct the more correct evaluation for our long input
contexts. The prompt for GPT-4 evaluation on the coherence of long input contexts is:

'https://platform.openai.com/docs/models/gpt-4-turbo-and-gpt-4
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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:

The prompt for GPT-4 evaluation on the necessity of long input contexts is:

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 to get Assistant’s following 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 is 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:
The prompt for GPT-4 evaluation on the faithfulness of response is:

Evaluation Prompt for the Faithfulness of Response

You are asked to evaluate the Al 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 Al Assistant’s answers and consider how much they affect the answer
to the question.
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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 Al 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:

The prompt for GPT-4 evaluation on the helpfulness of response is:

Evaluation Prompt for the Helpfulness of Response

You are asked to evaluate the Al 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 Al Assistant’s answers and consider how much they affect the answer
to the question.

3. Evaluate how helpful the Al 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. "[[S]]".

[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:
The prompt for GPT-4 evaluation on the complexity of instruction is:

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.
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Table 8: Further exploration of Homologous Model’s Guidance.

Model LongBench LongBench-Chat MT-Bench
Single-Doc QA Multi-Doc QA Summarization | Avg | First-turn  Second-turn  Avg
Real-world Settings
GATEAU-LLaMA - 50% 38.9 25.8 25.5 56.8 64.1 50.4 573
-w/o Extended Context Windows 38.1 254 25.6 55.8 63.7 50.6 57.1
-w/o Norm in Eq. (2) 375 24.1 25.3 56.2 64.1 50.4 57.3
Homologous Model’s Guidance 38.4 24.3 25.1 532 61.7 515 56.6
Perplexity Guidance 37.9 23.4 25.4 49.8 62.3 49.6 559
Non-Homologous Model’s Guidance 37.2 232 24.8 48.2 59.2 49.3 543
Limited Short Instruction Data Settings
GATEAU-LLaMA - 50% 31.0 18.1 25.3 59.0 64.2 44.1 54.2
-w/o Extended Context Windows 29.2 18.8 252 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 24.7 532 61.3 42.4 51.8
Perplexity Guidance 28.3 16.8 24.7 51.0 57.6 40.9 492
Non-Homologous Model’s Guidance 28.7 16.8 24.8 50.2 60.1 40.3 50.2

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. "[[S1]".

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

[Instruction begins]
{Instruction}
[Instruction ends]

Rating:

D.2 FURTHER EXPLORATION OF HOMOLOGOUS MODEL’S GUIDANCE

We further explore some key questions in the Homologous Model’s Guidance.

Why Do We Need Homologous Models? Homologous Model’s Guidance (HMG) aims to assess the
degree of long-range dependencies required for the corresponding response generation, by comparing
the perplexity scores of the response between two homologous models with different context windows.
The idea behind HMG is that the primary difference between homologous models with varying context
windows lies in their different capabilities for modeling long-range dependencies instead of other
capabilities. Thus, the disparity in the perplexity scores can be interpreted as reflecting the difference
in the long-range dependencies modeling capabilities required to generate the given response. To
evaluate the effectiveness of our idea, we replace LLaMA-2-7B-base-4k with Qwen-2-7b-base-8k
(Yang et al., 2024) as model 6 4 in Eq. (2), namely Non-Homologous Model’s Guidance. As shown in
Table 8, we find Non-Homologous Model’s Guidance achieve worse performance than Homologous
Model’s Guidance in two designed settings. It shows that HMG can exclusively measure the richness
of long-range dependency relations in long SFT samples. As non-homologous models have different
pre-training phases and model architectures, the modified Eq. (2) can not effectively measure the
degree of long-range dependencies required for response generation and introduce the influence
brought by other different capabilities of non-homologous models, resulting in the worse performance.

Why Do We Apply Normalization in Eq. (2) ? We apply softmax normalization to each score in
Eq. (2) to determine its respective ranking among the datasets for two perplexity scores. This is
because our early experiments observed that applying softmax normalization can further improve
the performance shown in Table 8. This may due to the fact that some extremely noisy samples
tend to have large perplexity scores, which in turn lead to unstable HMP scores if we do not apply
normalization in Eq. (2). Training LLMs on these noisy samples further leads to poor results.

What Will Happen if We Do Dot Extend the Context Windows of LLaMA-2-4k? Our early
experiments also explore what will happen if we do not extend the context windows of model 64
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Figure 6: Results (%) on LongBench-Chat with different hyperparameter « in Eq. (6).

in Eq. (2). As shown in Table 8, we are surprised to find that -w/o Extended Context Windows also
achieves competitive results in three benchmarks compared to GATEAU-LLaMA. Even the perplexity
score PPLy, (y|c, ) from the model 6,4 can be very large, e.g., the value of PP Ly, (y|c, z) can
be larger than 1000, the value after softmax normalization is still useful and applicable in the
Homologous Models’ Guidance. This interesting finding can be used to reduce the complexity of
applying Homologous Models’ Guidance and achieve competitive performance.

D.3 PARAMETER STUDY

As shown in Figure 6, we conduct experiments to explore the impact of important hyperparameter
a in Eq. (6) to further understand our method. We report the results of GATEAU-LLaMA-50% on
LongBench-Chat in two settings. Overall, although the choice of different o will have some impact
on the LLM’s performance, the performance will always be improved over the baseline Full-100%,
i.e., using the whole training dataset without data selection. Meanwhile, we also find that using both
the Homologous Model’s Guidance and Contextual Awareness Measurement will further improve
the performance than only using one of them. This is because the Homologous Model’s Guidance
and Contextual Awareness Measurement attempt to measure the difficulty brought by the long-range
dependencies from two different perspectives, i.e., separately measuring the difficulty of generating
corresponding responses and understanding long input contexts due to the long-range dependencies.

D.4 HUMAN EVALUATION

During the human evaluation, the participants follow these principles to make the decision:

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 Al 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 Al 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 Al 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.

If the final result can not be determined by the majority voting of three participants, we will make the
discussion among the participants and vote on the result again.
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D.5 OOD CASE STUDY

As part of our research on aligning LLMs on long context, we further come up with a practical case
study. We consider using an out-of-distribution (OOD) query, that is, the query that the model has not
encountered in the long context SFT data. Specifically, we select the Biden-Trump debate transcript
? from the 2024 election season as the OOD query, because this debate is organized subsequent to the
collection of our used training datasets.

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, thorough, 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 Don-
ald 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.

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

We show the results generated by GATEAU-LLaMA-30% and Full-100% in Real-world settings. We
highlight the sentences that can be easily misunderstood or contain factual errors (e.g., this debate is
organized in 2024 instead of 2020). We can find that our method achieves better faithfulness and
fluency, showing the effectiveness of our method in handling OOD queries.
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