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ABSTRACT

Broad textual understanding and in-context learning require language models that
utilize full document contexts. Due to the implementation challenges associated
with directly training long-context models, many methods have been proposed for
extending models to handle long contexts. However, owing to differences in data
and model classes, it has been challenging to compare these approaches, leading
to uncertainty about how to evaluate long-context performance and whether it
differs from standard evaluation. We implement a controlled protocol for extension
methods with a standardized evaluation, utilizing consistent base models and
extension data. Our study yields several insights into long-context behavior. First,
our findings suggest that perplexity can serve as a helpful way to measure how well
models perform on tasks involving longer contexts. Second, current approximate
attention methods systematically underperform across long-context tasks. Finally,
we confirm that exact fine-tuning based methods are generally effective within their
extension range, whereas extrapolation remains challenging. All codebases, models,
and checkpoints will be open-sourced, promoting transparency and facilitating
further research in this critical area of Al development.

1 INTRODUCTION

The pretraining data scale of large language models (LLMs) has expanded greatly in recent years
with open models trained up to 15T tokens (Al@Metal, [2024)). Implementation challenges make it
difficult to fully train models with longer context windows during pretraining (Liu et al., | 2023a). Still,
long-context windows are considered central, as they enable LLMs to perform tasks that require more
extensive textual understanding, such as utilizing information from textbooks (Tanzer et al.,|2024),
summarizing novels (Kryscinski et al. 2022)), and engaging in many-shot learning (Bertsch et al.,
2024; L1 et al., [2023a).

As a trade-off, researchers have proposed context extension, where an LLM initially pretrained on
standard sequences is adapted for significantly longer context lengths (Chen et al.| 2023a}; Peng et al.|
2023; [Han et al.| 2023]; |bloc97, [2023)). These methods differ in the type of attention used and in
post-training adaptation techniques. They vary in complexity, training requirements, and qualitatively
exhibit significantly different performance profiles.

Unfortunately, there is a relatively poor understanding of the quantitative rankings of these different
methodologies. Owing to the perceived challenges of evaluation, several new metrics, such as long
context perplexity (Chen et al.,|2023a;b; Han et al., 2023} [Hsieh et al.l 2024)), and retrieval accuracy
(Mohtashami and Jaggil, [2023; |gkamradt, |2023)) have been introduced (Bai et al., |[2023; |An et al.,
2023). However, the differences in long-context extension procedures make it hard to calibrate these
metrics while controlling for other factors.

In this work, we implement a controlled protocol for context extension. The aim is to compare context
extension while removing spurious factors that impact LLM ability.

Modeling: We standardize on the same base models for comparison. Different base models behave
significantly differently, making it challenging to draw general conclusions. For instance, past work
evaluates LM-Infinite (Han et al.,2023)) on LongBench (Bai et al.l 2023) using different base models
(Xiao et al.} 2024; |Lu et al., [2024). We use five distinct open-weight base models with varying sizes
and model families to validate the transferability of our findings from smaller to larger models.
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Extensions: We implement various context extension methods within the same framework. We use
a standardized recipe to eliminate potential gains from tailored hyperparameters. We also fix each
method’s post-training data, utilizing an identical and open-sourced training corpus (Fu et al.,2024;
Chen et al .| [2023b).

Metrics: We look at both intrinsic metrics, such as perplexity, and extrinsic properties, such as
downstream task performance (Hsieh et al., 2024} |gkamradt, 2023} Bai et al., 2023). We consider
metrics within the extension length as well as an extrapolation to longer contexts.

Our study identifies several takeaways for future research. First, while there have been suggestions
that we need new ways to measure performance, our findings show that perplexity does align with
how well models perform to some extent on various tasks in our controlled studies. Though some
newer attention methods don’t show this pattern as clearly, we generally found that when models got
better at predicting text, they also got better at most other tasks we tested them on.

Second, we find relatively poor results for approximate attention methods. While they can handle
longer length contexts, there generally is a trade-off in terms of accuracy for most of our bench-
marks. Exact frozen methods also tend to degrade model performance, showing high sensitivity to
hyperparameters and often failing with a general training recipe.

Finally, continual fine-tuning with exact attention generally works well, particularly within the
extended context length. Specifically, Dynamic NTK (emozillal 2023 works best among these
methods. Extrapolation to longer lengths remains a challenging problem. The aggregated results
across various base models further support the broader applicability of our findings.

2 RELATED WORK

Long Context Methods We divide extension methods into three broad classes: exact attention,
approximate attention, and context compression. Exact attention methods augment the parameter-
ization of attention. Position interpolation (PI) (Chen et al., 2023al), NTK-aware (bloc97, [2023)),
Dynamic NTK (emozillal 2023), YaRN (Peng et al.,|2023), and CLEX (Chen et al., [2024), all based
on RoPE (Su et al.| 2021), design position embeddings for length extension. These methods may be
applied with fine-tuning or to frozen models. Other exact attention methods focus on training-time
improvements, such as contrastive training (Tworkowski et al.| 2023). Approximate attention methods
uses structured attention approximations to minimize the computational cost of length growth. |(Chen
et al.[(2023b)) uses LoRA (Hu et al.,[2021) and a specialized local attention mechanism to reduce
further the computational overhead of further fine-tuning with long context. Other approaches break
the text into chunks and utilize a well-designed "chunk representation” to retrieve relevant chunks
for attention (Mohtashami and Jaggil 2023} Xiao et al.l 2024} [Lu et al., |2024). LM-Infinite and
StreamL.LM (Han et al.| |2023} Xiao et al., [2023)) retain only a few tokens from the beginning of
the text and a local window to keep the attention window within the pretrained length. Xu et al.
(2024) focuses on using retrievers to retrieve relevant blocks from long documents. Finally, context
compression methods, which we do not explore in this work, reduce length extension to length
compression via a summarization step (Jiang et al., 2023} |Li et al., [2023b)).

Long Context Evaluation Benchmarks The Long Range Arena (LRA) (Tay et al., [2020) is
an early efforts evaluating the proficiency of processing long contexts. Since then, a growing
number of benchmarks have emerged, including LongBench (Bai et al., [2023)), LEval (An et al.|
2023)), and LooGLE (L1 et al., 2023c). These benchmarks are a mixture of diverse downstream
tasks explicitly tailored to assess the capabilities of LLMs in understanding and generating lengthy
contexts. Among these benchmarks, LongBench stands out for its inclusion of diverse sequences
with varying lengths, distributions, patterns, languages, and domains, enabling a comprehensive,
nuanced evaluation. In addition to evaluating LLMs’ performance on downstream NLP tasks, there is
another line of benchmarks that specifically focuses on assessing particular aspects of long context
processing ability [Liu et al.| (2023b)); Hsieh et al.| (2024). For instance, [Mohtashami and Jaggi
(2023)) propose the passkey retrieval task to challenge a language model to accurately locate and
retrieve a simple passkey (a five-digit random number) in a long context sequence. Similarly, the
Needle in a Haystack (gkamradt, 2023)) test requires the model to accurately recite the information
from a specified sentence(the "needle"). However, most existing works mainly focus on evaluating
mainstream commercial models (e.g. GPT-4 and Claude), open-source base models, or just perform
individual evaluations of a few long context methods. There is a lack of comprehensive, yet controlled
evaluation on long-context extension techniques themselves.
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3 CONTEXT EXTENSION METHODS

3.1 BACKGROUND: ATTENTION AND ROPE

The bottleneck in long context modeling in Transformers is attention. Attention is defined over C'
embeddings X = [x,Xa,...,Xc]" € RYX? where d is the model dimension. Learned weight
matrices W, € R3*dk W, € R%de and W, € R%¥4r gre used to transform these inputs where
dy, is the projected hidden dimension. The attention mechanism itself computes the attention matrix
and applies it to produce a weighted sum of the value vectors:

. QK'
Attention(Q, K, V) = AV = softmax V. e))
Vdy,

Basic attention was originally defined with: Q = XW,, K = XW;, V = XW,,. However, this
approach does not directly encode the relative position of keys and values.

Rotary Position Embeddings (RoPE) (Su et al.,2024) encode positional information by applying a
phase rotation to each element of the embedding vectors. Formally, we define a transformation f:

fw(x;,0) = R(6,)W ' x; (2)

Here x; € R% is an embedding for position i, W is a projection matrix, and 8 € R%/2 is a
frequency basis. The function is defined based on the rotary position matrix:

cosifly —sinif; --- 0 0
sinif#;  cosif; - -- 0 0
RO.) = | 3)
0 0 -+ cosifa, —sinifaq,
2 2
0 0 --- sinifa,  cosifa,
2 2

Due to the arrangement of frequencies, this matrix has the property that R(6,n — m) =
R(6,m)"R(6,n) by Ptolemy’s identity. We redefine the query-key product between two posi-
tions m and n as,

q;lkn = qu (Xma O)wak (Xna 0) (4)
= (R(O,m)W]x,,) " (R(6,n)W]x,,) )
=x, W,R(0,n — m)W, x, (6)

In this way, the relative positional information n — m is implicitly injected into the query and key
product, thus the attention score.

2j
The standard RoPE transformation, fw (x;, @), sets the components §; = b~ with base b = 10000.

3.2 ADJUSTING THE FREQUENCY OF ROPE FOR LONG CONTEXT EXTENSION

We consider four methods for performing length extension on RoPE embeddings: Position Inter-
polation (PI) (Chen et al., [2023a), NTK-RoPE (emozilla, 2023), YaRN (Peng et al., [2023)) and
CLEX (Chen et al.| 2024). In this section our goal is to extend a method trained to extend position
embeddings for context length C to length C/ >> C. The methods in this section perform this

d
extension by scaling the frequencies with the base scaling vector o« € R

Linear Position Interpolation (PI) decreases the frequencies of the basis functions so that more
tokens fit within each period. PI is implemented by setting the components of the base scaling vector

to c 1
o =Z=7 )
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where t = < is target length ratio. PI has been integrated into many open-source models such as

LLaMAZ 78-32K (Together.Al, [2023), Vicuna-7B-v1.5 (Chiang et al.,[2023), and LongAlpaca
et al2023b).

Neural Tangent Kernel Interpolation RoPE (NTK-RoPE) builds on linear position interpolation
by introducing a per-dimension scaling factor. Inspired by findings from the NTK literature that show
that high-frequency features are difficult for MLPs to learn, NTK-RoPE preserves high-frequency
features while extending the period of low-frequency features. This is accomplished via a dimension-
dependent base scaling vector o:

ajNTK—RoPE _ —d—k" ©)
d

where k£ = (¢) T2 5o that the lowest frequency is scaled to match PI and the highest frequency

remains the same as in RoPE.

An extension to this approach, Dynamic NTK-RoPE suggests that instead of fixing scaling based on
a set ratio s for all examples during inference, the formula should adapt to the current context length
for a specific example. We followed the set up of for Dynamic NTK-RoPE. More
details can be found in the Appendix [7.8]

YaRN, another RoPE extension method, uses “NTK-by-parts" interpolation strategies across different
dimensions of the embedding space and introduces a temperature factor to adjust the attention
distribution for long inputs.

1
o N = (1 =) T +)/VT (10)

We use a ramp vector -y to determine the interpolation between the % and the original frequency base.
The interpolation gating is set based on the frequency for the dimension j. More details about this

ramp function can be found in the Appendix [7.6]

Other methods such as CLEX (2024)) models the scaling vectors as a dynamical system,
with the goal of learning target-length dependent scaling vectors.

3.3 ADIJUSTING ATTENTION FOR CONTEXT EXTENSION

An alternative approach is to modify the attention function itself. Approaches to handling longer con-
texts fall into two main categories: approximate attention and attention modification. In approximate
attention, instead of computing the full attention matrix, methods select a subset of positions to attend
to. In attention modification, the approach incorporates additional information through retrieval or
other mechanisms. We examine four established methods across these categories: sparse attention,
sliding window attention, and retrieval attention.

LongLoRA (Chen et al., [2023b) avoids computing attention ranges over C’ by only computing
the block-diagonl part of attention. Formally, given a sequence length of C’, LongLoRA divides it
into M blocks of size B, resulting in a sparse attention matrix A € RO *C" with a block-diagonal
structure:

A, 0O - 0
0 A, - 0

A= . . . . an
0 0 - Ay

where A; € RB*B is the attention matrix for the i-th block. In addition, they shift the blocks for half
of the heads enabling the information flow between groups via shifting. Notably, while they employ
local attention during the fine-tuning phase, full attention is still adopted during the inference stage.

Landmark Attention (Mohtashami and Jaggi, [2023)) addresses the challenge of attending over
long sequences by breaking the input sequence into chunks and using trainable “landmark" tokens
to summarize these chunks. The attention process is carried out in two stages. Given a sequence
of C’ embeddings, divided into M chunks, each of length B, the first step is to compute global

attention between the query vectors Q € RC" *dk (corresponding to all input embedding) and the
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landmark vectors L € RM*9x (which represent the chunks). From this global attention, a set of
n-most attended-to chunks is selected for further processing. Next, a local attention mechanism is
applied within each of the selected chunks. For the n-th selected chunk, the key matrix for the chunk
is denoted as K,, € RB*4x and Q, €RP Xdk The attention matrices are then computed as follows:

T T
A' = softmax (?/37) e RO *M A27" — softmax (Q&dE”) e RBXxB, (12)
k k

The final attention for each embedding is a combination of these two attention. This method efficiently
scales attention mechanisms for long sequences by focusing on landmark tokens that summarize
large parts of the sequence, followed by local attention within the relevant chunks.

LM-Infinite (Han et al.,2023) (a.k.a., Sliding Window Attention) maintains a sliding local window of
size M along with a fixed global memory of G positions at the starting point of the given embedding.
Given C’ embeddings, attention is computed over the M embeddings in its local window and G
embeddings in global memory. LM-Infinite replaces relative positional information n — m with
min(n — m, C') while computing the query and key product in Eq Altogether, LM-Infinite reduces
the complexity from O((C”)?) to O(C’(M + G)) without the need to scale positional encoding.

Self-Extend (Jin et al., 2024) maps the unseen positions in extended context length C’ to positions
within the pretraining context length C' to avoid training. For each embeddings, Self-Extend chooses
closest M embeddings and any embeddings beyond are divided into multiple groups. Each group
contains N embeddings. When performing query-key product between two positions m and 7 in
Equation[4] the relative positional information n — m is replaced by r which is computed by scaling
n—mw.rt M and N:

(13)

T{n—m, n—m< M,
M+ - 3], n—m > M.

where | -] denotes the floor division. The maximum extended context length C’ is (C'— M) - N + M.

4 LONG-CONTEXT EXTENSION PROTOCOL

Base Model All models start from an identical base checkpoint. We choose to use five different base
models LLaMA2-7B, LLaMA2-13B, LLaMA2-70B (Touvron et al.| [2023]), Phi-2(Javaheripi et al.|
2023)), LLaMA3-8B(Dubey et al.}[2024)for context extension experiments, to verify whether the trends
and analyses we observed are consistent across different base models, thereby avoiding potential
over-generalization. Note that in our main findings, we only report results with LLaMA2-7B
base model to maintain conciseness and avoid redundancy as we find most of general findings from
LLaMAZ2-7B can be transferred to all other models. Results from other models are provided in

Appendix[77]

Fine-Tuning We sample 1B tokens from a long-context data mixture following Fu et al.[(2024).
The data details are reported in Appendix [7.9] We focus on extending the context window from 4k
to 32k since most benchmarks require contexts under 32k. We maintain a fixed training recipe to
ensure consistency across all models (Chen et al.|[2023b). We follow existing practices by keeping an
exponential moving average (EMA) of model weights with a constant decay, a linear learning rate
warm-up and zero weight decay. Most training hyperparameters are based on (Fu et al.|[2024), with
the learning rate set to 2 x 10~°. Our experiments are done on 8 NVIDIA A100 GPUs.

For LonglLora, we fine-tune the weights of the LoRA adapter with trainable embedding and nor-
malization, then merge these trainable weights with the LLaMA2 base model for evaluation. For
Landmark Attention, the training context length is set to 512, with a block size of 64. For CLEX, we
set the max scale factor to 32 and use the SiLU activation function.

We reuse the original scale factor to maintain consistency for NTK, YaRN, and Position Interpolation
methods. However, this base factor significantly degrades continual fine-tuned models, particularly
causing performance deterioration in shorter sequences. Therefore, we conduct a grid search to
determine a better scale factor for different input lengths for NTK-RoPE method. Based on our
findings, we follow and improve upon |Fu et al.|(2024) to set the scale factor for NTK-RoPE method.
The scale factor and its relationship with perplexity are reported in the Appendix [7.11] Please refer to
the Appendix [7.8]for detailed hyperparameter setups.
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Table 1: Overview of results across different extension types.

Attention Mechanisms | Model | PPL  Needle Mshots LongB RULER

Frozen \ NTK-F \ 14.52 18.8 64.5 25.54 0.72

Exact PI 5.95 42.1 75.5 33.48 57.66
Attention Fine-Tuned YaRN 5.93 46.7 75.0 3345 36.95
CLEX 5.82 71.1 74.0 33.48 52.17

NTK-32K 5.79 83.7 71.0 35.32 59.42

NTK-64K 5.93 69.1 73.0 34.30 60.03

Modified. Modiﬁ.ed. LM-Infinite | 6.71 23.9 61.5 25.84 12.34
Attention Attention Self-Extend | 6.11 25.8 72.0 33.62 29.50
Approxi. LongLora 9.89 20.3 55.5 23.30 3.53

Attention Landmark 8.13 50.9 50.0 28.19 13.56

Metrics We consider two sets of intrinsic metrics. The first is based on perplexity. We use the
book corpus PG19 (Rae et al.l 2019) and the Proof-pile dataset (Azerbayev et al.,[2023)) to evaluate
the long sequence language modeling performances. Following Press et al.| (2022), all perplexity
evaluations are calculated using a sliding window with a window size of 256.

The second is based on retrieval. We focus on the needle in the haystack task (gkamradt,2023)(NIAH).
NIAH involves identifying a specific, relevant piece of information (the "needle") within a large
set of irrelevant data (the "haystack"). This task is commonly used to test the precision and recall
capabilities of LLM:s in scenarios where the relevant data is sparse and surrounded by a significant
amount of noise. Additionally, we evaluate with RULER (Hsieh et al.,|[2024). RULER enhances the
standard NIAH test by incorporating variations with different types and quantities of needles with
new task categories, such as multi-hop tracing and aggregation.

For extrinsic metrics, we consider a collection of tasks. LongBench (Bai et al.,|2023)) is a family of
bilingual, multitask evaluations for long-context understanding widely used in measuring the long-
context abilities of LLMs (Jin et al., [2024} Xiao et al.,[2024; |Lu et al., [2024). LongBench includes
single-document question answering, multi-document QA, summarization, few-shot learning, and
code completion. We follow Bai et al.|(2023) to evaluate the models on 32k context window sizes by
truncating the prompt from the middle when the task length exceeds a designated context window
size. We also consider the ManyShots tasks, where the long-context model will be given several
examples as prompts. We use the Trec News (L1 and Roth, [2002) dataset for this task.

5 EXPERIMENTAL RESULTS AND ANALYSIS

5.1 RESULT OVERVIEW

Table [I] overviews the results across both types of evaluation. The main result demonstrate that
fine-tuned exact attention methods for long contexts, such as NTK-32K and YARN, consistently
outperform approximate attention methods by a significant margin. This suggests that trading accuracy
for speed in approximate attention methods can result in a loss of important reasoning capabilities,
particularly for retrieval-based tasks. The performance disparity highlights the importance of exact
attention in maintaining high accuracy over extended contexts, emphasizing the need for careful
consideration of attention type in model design for long-context tasks. We now consider each type of
result in more detail.

5.2 INTRINSIC TASKS

Perplexity Table 2] shows perplexity scores across length. We see that continuous fine-tuning
methods like PI, YaRN, and LonglLora effectively keep low perplexity scores within the pre-training
context length. However, when the context length exceeds perplexity scores escalate once the context
surpasses the pre-trained window. Only NTK and CLEX can generalize to unseen sequence length in
both pretraining and continual finetuning. Additionally, we find that exact attention maintains better
perplexity than LoRA, which may reduce LongLora’s ability. We also note that results on both PG19
and Proof-file gave nearly consistent conclusions.
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Table 2: Perplexity of different methods on PG 19 and Proof-file. NTK-32K and NTK-64K refer to
NTK-Dynamic, which requires finetuning. Len refers to the longest-length examples seen at training
or fine-tuning. Ex refers to the exact attention. All results are produced by our experiments.

Model Details Eval Length
Len Ex Methods 2k 4k 8k 16k 32k 64k
PG19
4k LLaMA2 6.61 6.30 - - - -
Frozen 4k LM-Infinite 6.61 6.30 6.25 6.45 6.71 8.49
4k v" NTK-Frozen | 6.61 6.30 6.82 794 14.52 -
4k Self-Extend 6.61 6.32 6.15 6.07 6.11 7.15
32k v PI 6.88 6.52 6.27 6.08 5.95 -
32k v NTK-32K 6.63 632 6.09 592 579 5.76
Finetuned 32k v'  YaRN 6.70 639 6.16 6.01 5.93 -
32k v CLEX 6.85 6.62 6.14 5.93 5.82 5.79
32k LonglLora 12.80 11.52 10.70 10.18 9.89 -
32k Landmark 8.15 8.14 8.14 8.11 8.13 8.15
64k v NTK-64K \ 6.83 6.49  6.25 6.07 593 5.85
Proof-file
4k LLaMA2 334  3.04 - - - -
Frozen 4k LM-Infinite 3.34 3.04 2.94 3.02 3.11 3.12
4k V" NTK-Frozen | 3.34 3.04 2091 3.09 4.06 12.65
4k Self-Extend 3.35 3.06 2.88 2.78 2.75 2.90
32k v PI 334  3.03 2.83 2.68 2.58 -
32k v/ NTK-32K 327 298 278 264 254 2.48
Finetuned 32k v YaRN 3.29 3.00 2.81 2.68 2.59 106.38
tnetu 32k v CLEX 337 3.0 280 265 255 248
32k LonglLora 597 510 458 427 413 -
32k Landmark 4.51 4.50 448 4.49 4.49 4.49
64k v NTK-64K | 3.33 3.03 2.83 2.69 258 2.51

Table 3: RULER evaluation at lengths from 4k to 64k. Score is computed by averaging the accuracy
of 13 tasks. Train Len refers to the longest-length examples seen at continuous finetuning.

Models Train 4k 8k 16k 32k 64k 128k
Len
LLaMA?2 4k 80.94 - - - - -
Frozen LM-Infinite 4Kk 81.05 30.01 18.02 1234 1056 -
NTK-Frozen 4k 81.14 4445 1479 072 091 -
Self-Extend 4K 65.03 50.73 44.02 29.50 9.34 -
PI 32k 8456 76.04 69.64 57.66 0.00 -
NTK-32K 32k 86.58 7775 70.01 59.42 4626 2991
Finetuned  YARN 30k 79.12  65.60 5421 3695 0.00 -
tnetuned 1 gx 30k 50.18 63.93 6435 52.17 30.61 -
LongLora 32k 10.58 637  3.67 353 0.00 -
Landmark 30k 2237 1752 1631 1356 14.15 -
NTK-64K | 64k | 86.60 7634 69.56 60.03 4931 40.09

Needle-in-the-haystack NIAH results are shown in Figure[I] Continuous finetuning approaches
such as NTK, PI, and YaRN have successfully retrieved the "needle" within the pretraining length.
Yet, only the NTK and CLEX method can retrieve the needle beyond the pretraining length, aligning
with the perplexity results. The performance of the Exact Attention Method generally surpasses that
of the Approximate Attention Methods. LM-Infinite and Landmark Excel are only within the local
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Figure 1: Needle in a Haystack evaluation. Green squares indicates a high retrieval success rate, the
white dashed line denotes the longest length examples seen at training or finetuning, and the Y-axis
represents the distance to the retrieved target.

window, and they struggle to retrieve the intermediate text accurately. Regarding the Dynamic NTK
method, NTK-F exhibits weak generalization when not trained. When trained on the same amount of
data(1B), NTK-32K outperforms NTK-64K. When trained on 2B tokens, NTK-64K demonstrated a
significant performance improvement, details are in Appendix [7.10]

RULER We test all models on 13 tasks from the four RULER [2024). Each model is
evaluated with 500 examples for lengths of 4k, 8k, 16k, 32k, 64k and 128k. Results are compared
with the Llama2-7B baseline in Table 3] We observed a similar trend as in the NIHK task, NTK has
the minimal performance degration w.r.t the increase of length beyond pretrained or finetuned length.
NTK-32k maintained relatively good performance compared to other methods finetuned with a length
cap of 32k. Performance of models on different length and breakdown by 13 subtasks can be found

in Appendix [7.14]

5.3 EXTRINSIC TASKS

LongBench The evaluation results of most methods on LongBench are presented in Table[d] and
results on all methods are presented in Appendix [7.13] Both LM-Infinite and Landmark Attention
exhibit significant performance degradation compared to the base model. In contrast, the NTK, PI,
and YaRN methods have successfully maintained their performance at 32k, demonstrating comparable
results among these methods. This suggests that PI and YaRN perform similarly in downstream tasks,
while the NTK family of models remains stable.

Notably, the Longl.oRA method, which utilizes LoRA, also experiences a performance decline
relative to the base checkpoint, LLaMA2. We argue that this may be due to the sensitivity of the
training procedures for LonglLoRA, and we acknowledge this in our limitation discussion section.

Furthermore, the overall performance on LongBench has not shown significant improvement over
LLaMAZ2.We hypothesize that this is due to the average length of LongBench test data (approximately
7.5k) being considerably shorter than the 32k context window of the long-context methods.
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Table 4: LongBench results. N-32 and N-64 refer to NTK finetuned on 32K and 64K context
lengths respectively. SE refers to Self-Extend. YN refers to YaRN. CX refers to CLEX. LLR refers
to LongLora. Len refers to average length of the datasets. Train Len refers to the longest length
examples seen at training or finetuning. Eval Len refers to the maximum length of the input prompt.
v'refers to whether the method is exact attention.

Frozen Finetuned
Len | Base N-F SE PI N-32 YN CX LLR Land N-64
v v v v v v
Train Len 4k 4k 4K 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 32k 32K 32k 32k 32k 32k 32k 32k 32k

NQA 18k | 21.09  3.88 2349 | 23.02 2373 19.82 2419 12.07 1247 2431
QAP 4k | 2694 26.79 28.75 | 2585 27.50 2698 2336 20.15 19.06 2497
MQA 5k | 32.42 29.82 32.66 | 35.10 38.22 37.11 40.83 2450 21.86 40.60
HQA 9k | 3123 3210 37.63 | 3698 41.56 38.60 35.59 2741 33.66 4147
WQA 5k | 2575 2234 30.70 | 29.38 31.58 30.63 2824 2146 2494 28.62
MSQ 11k | 10.55 8.84 15.73 | 16.80 17.41 22.08 17.12 11.46 1141 18.24
GR 9k | 1732 17.87 13.15 | 2561 2827 2098 24.68 24.05 1720 24.37
QSM 11k | 21.28 15.35 20.20 | 21.19 21.52 20.66 21.55 17.66 18.83 21.65
MWS 2k 344 930 1.50 | 1055 2213 891 1696 21.19 1943 25.02
TRE 5k | 66.00 67.50 69.00 | 71.00 69.00 69.00 67.50 50.00 49.00 69.00
TQA 8k | 87.89 18.69 88.44 | 88.55 88.86 89.63 89.36 1228 74.75 88.65
SMS 6k | 41.70 3246 43.76 | 43.35 4221 4425 43.02 13.45 4038 41.59
PSC 11k | 2.10 267 0.00 1.50  2.68 1.05 250 457 0.64 2.09
PSR 9k 9.00 377 450 | 450 462 379 850 350 250 6.50
LCC 1k | 68.22 63.64 6847 | 55.05 56.78 54.06 4945 57.12 56.70 52.04
REP 4k | 61.73 53.69 5999 | 4726 49.09 47.60 42.84 5192 4823 39.68

Avg. Tk | 3292 2554 33.62 | 3348 3532 3345 3348 2330 28.19 34.30
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Figure 2: Perplexity and averaged downstream task accuracy for NIAH, LongBench and RULER.

6 ADDITIONAL ANALYSIS

Perplexity and Downstream Tasks While prior work (Sun et al] 2021} [An et al} 2023) suggests
that perplexity may not reliably predict long-range task performance, our analysis in Figure P]reveals
to some extent perplexity might be reliable. We observe a general correlation between perplexity and
model performance across tasks. However, we also observed that approximate attention methods,
including LongLora and Landmark on RULER, show minor deviations but maintain a roughly linear
relationship. We hypothesize that this apparent discrepancy with previous findings may stem from
their less controlled experimental conditions and noisier datasets.

Context extension hurts in the short term and gains in the long term While context extension
seems to improve perplexity, in Table 4] we do not notice a significant gain in performance. We
hypothesize that while this dataset contains long tasks, the average length is much shorter than 32K.
These methods seem to improve the ability to model language over the long term but hurt in the short
term. To understand this better we compute the averaged negative likelihood of each position of
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Figure 3: (Left) Average negative log-likelihood of different models by context position. (Right)
Performance of different context extension methods across model sizes.

YaRN, LLaMa2, and NTK-32K per position (with LLaMa2 seeing just tokens every 4k chunks) in
Figure B|Left). Additionally, we evaluated these methods on short tasks from standard benchmarks
and found that extension methods exhibited a slight decrease in performance on short-text tasks
compared to the base model, as shown in Appendix Table [7} This aligns with our observations in
Figure B|Left), which analyzes the average negative log-likelihood across different context positions.

General Discoveries across Model Sizes Our analysis across LLaMA2-7b, 13b, and 70b base
models reveals several key patterns. Non-extension methods like NTK-Frozen and Self-Extend
demonstrate improved performance on intrinsic tasks such as Needle-in-a-Haystack at larger scales,
while maintaining consistent performance rankings across model sizes. Although continual fine-
tuning methods still outperform non-extension approaches within their extension range, the correlation
between perplexity and downstream task performance remains robust. These findings, shown in
Figure BJRight), validate our conclusions about long-context capabilities across model scales and
provide deeper insights into the relationship between model scaling and context extension.

NTK Generalizes Beyond 32k In Figure[I} we observe that NTK-32K successfully generalizes to
unseen sequence lengths beyond 32k in both Needle-in-the-Haystack and RULER tasks, performing
on par with NTK-64K. In contrast, NTK-F demonstrates generalization up to 8k but fails to extend
further. This suggests that while NTK methods may possess the capability to generalize to longer
unseen sequences, their effectiveness is contingent upon conditions such as continual fine-tuning.

We find that up until 4K they all improve as expected with LLaMa2 having the best NLL. After 4K
they all fluctuate in average, but we see a clear separation with Yarn and NTK taking into account the
long context. At extremely long context NTK remains a strong model whereas Yarn becomes reverts
to a similar performance as LLaMa?2.

7 LIMITATIONS AND CONCLUSION

Our study has several limitations. The experiments are confined to context extensions up to 32k
tokens, and behavior patterns may vary at longer extensions. Additionally, our standardized training
protocol with fixed hyperparameters might disproportionately affect certain models’ performance.
Furthermore, our perplexity findings may be specific to our experimental settings and may not
generalize to models beyond our test scope.

In this paper, we use a standardized approach to assess the performance of various long-context
methods in LLMs. Our study underscores the role of perplexity as a crucial, performance indicator
at length and highlights the trade-offs inherent in different attention mechanisms. We analyze the
strengths and weaknesses of various approaches, providing valuable insights for future research. All
our resources, including codebases, models, and checkpoints, will be open-sourced upon acceptance,
fostering future advancements in this pivotal area of Al research.

10
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REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work on evaluating context extension of LLMs, we have taken the
following steps: (1) We provide detailed descriptions of our model architectures, training procedures,
and hyperparameters in the methodology section of our paper; (2) Our code, including scripts for data
preprocessing, model training, and evaluation, will be available in a public GitHub repository; (3) We
have used standard, publicly available datasets for both training and evaluation, which are clearly
referenced in our paper; (4) For context extension method, we provide a step-by-step explanation in
the main text; (5) Finetuned model checkpoints will be available for download in the huggingface
hub. By following the instructions in the future repository and using the provided resources, other
researchers should be able to replicate our experiments and verify our results.

ETHICS STATEMENT

We acknowledge that we have read the Code of Ethics and adhere to the Code of Ethics.

REFERENCES

Al@Meta. Llama 3 model card. 2024. URL https://github.com/meta—1lama/llama3/
blob/main/MODEL_CARD.md.

Hao Liu, Matei Zaharia, and Pieter Abbeel. Ring attention with blockwise transformers for near-
infinite context. In NeurIPS 2023 Foundation Models for Decision Making Workshop, 2023a. URL
https://openreview.net/forum?id=fXugVDtCQO.

Garrett Tanzer, Mirac Suzgun, Eline Visser, Dan Jurafsky, and Luke Melas-Kyriazi. A benchmark
for learning to translate a new language from one grammar book. In The Twelfth International
Conference on Learning Representations, 2024. URL https://openreview.net/forum?
id=tbVWug9f2h.

Wojciech Kryscinski, Nazneen Rajani, Divyansh Agarwal, Caiming Xiong, and Dragomir Radev.
Booksum: A collection of datasets for long-form narrative summarization. In Findings of the
Association for Computational Linguistics: EMNLP 2022, pages 6536—-6558, 2022.

Amanda Bertsch, Maor Ivgi, Uri Alon, Jonathan Berant, Matthew R Gormley, and Graham Neu-
big. In-context learning with long-context models: An in-depth exploration. arXiv preprint
arXiv:2405.00200, 2024.

Mukai Li, Shansan Gong, Jiangtao Feng, Yiheng Xu, Jun Zhang, Zhiyong Wu, and Lingpeng Kong.
In-context learning with many demonstration examples. arXiv preprint arXiv:2302.04931, 2023a.

Shouyuan Chen, Sherman Wong, Liangjian Chen, and Yuandong Tian. Extending context window of
large language models via positional interpolation, 2023a.

Bowen Peng, Jeffrey Quesnelle, Honglu Fan, and Enrico Shippole. Yarn: Efficient context window
extension of large language models, 2023.

Chi Han, Qifan Wang, Wenhan Xiong, Yu Chen, Heng Ji, and Sinong Wang. Lm-infinite: Simple
on-the-fly length generalization for large language models, 2023.

bloc97. NTK-Aware Scaled RoPE allows LLaMA models to have extended (8k+) con-
text size without any fine-tuning and minimal perplexity degradation, 2023. URL
https://www.reddit.com/r/LocallLLaMA/comments/141z735/ntkaware_
scaled_rope_allows_llama_models_to_have/.

Yukang Chen, Shengju Qian, Haotian Tang, Xin Lai, Zhijian Liu, Song Han, and Jiaya Jia. Longlora:
Efficient fine-tuning of long-context large language models, 2023b.

Cheng-Ping Hsieh, Simeng Sun, Samuel Kriman, Shantanu Acharya, Dima Rekesh, Fei Jia, Yang
Zhang, and Boris Ginsburg. Ruler: What’s the real context size of your long-context language
models?, 2024.

11


https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://github.com/meta-llama/llama3/blob/main/MODEL_CARD.md
https://openreview.net/forum?id=fXugVDtCQO
https://openreview.net/forum?id=tbVWug9f2h
https://openreview.net/forum?id=tbVWug9f2h
https://www.reddit.com/r/LocalLLaMA/comments/14lz7j5/ntkaware_scaled_rope_allows_llama_models_to_have/
https://www.reddit.com/r/LocalLLaMA/comments/14lz7j5/ntkaware_scaled_rope_allows_llama_models_to_have/

Under review as a conference paper at ICLR 2025

Amirkeivan Mohtashami and Martin Jaggi. Landmark attention: Random-access infinite context
length for transformers, 2023.

gkamradt. Needle in a haystack - pressure testing llms, 2023. URL https://github.com/
gkamradt/LLMTest_NeedleInAHaystack.

Yushi Bai, Xin Lv, Jiajie Zhang, Hongchang Lyu, Jiankai Tang, Zhidian Huang, Zhengxiao Du,
Xiao Liu, Aohan Zeng, Lei Hou, Yuxiao Dong, Jie Tang, and Juanzi Li. Longbench: A bilingual,
multitask benchmark for long context understanding, 2023.

Chenxin An, Shansan Gong, Ming Zhong, Xingjian Zhao, Mukai Li, Jun Zhang, Lingpeng Kong, and
Xipeng Qiu. L-eval: Instituting standardized evaluation for long context language models, 2023.

Chaojun Xiao, Pengle Zhang, Xu Han, Guangxuan Xiao, Yankai Lin, Zhengyan Zhang, Zhiyuan Liu,
Song Han, and Maosong Sun. Infllm: Unveiling the intrinsic capacity of llms for understanding
extremely long sequences with training-free memory. arXiv preprint arXiv:2402.04617, 2024.

Yi Lu, Xin Zhou, Wei He, Jun Zhao, Tao Ji, Tao Gui, Qi Zhang, and Xuanjing Huang. Longheads:
Multi-head attention is secretly a long context processor. arXiv preprint arXiv:2402.10685, 2024.

Yao Fu, Rameswar Panda, Xinyao Niu, Xiang Yue, Hannaneh Hajishirzi, Yoon Kim, and Hao Peng.
Data engineering for scaling language models to 128k context, 2024.

emozilla. Dynamically Scaled RoPE further increases performance of long context LLaMA with
zero fine-tuning, 2023. URL https://www.reddit.com/r/LocallLLaMA/comments/
l4dmrgpr/dynamically_scaled_rope_further_increases/.

Guanzheng Chen, Xin Li, Zaigiao Meng, Shangsong Liang, and Lidong Bing. Clex: Continuous
length extrapolation for large language models, 2024. URL https://arxiv.org/abs/
2310.16450.

Jianlin Su, Yu Lu, Shengfeng Pan, Bo Wen, and Yunfeng Liu. Roformer: Enhanced transformer with
rotary position embedding. Cornell University - arXiv,Cornell University - arXiv, Apr 2021.

Szymon Tworkowski, Konrad Staniszewski, Mikotaj Pacek, Yuhuai Wu, Henryk Michalewski, and
Piotr Mitos$. Focused transformer: Contrastive training for context scaling, 2023.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, and Weizhu
Chen. Lora: Low-rank adaptation of large language models. CoRR, abs/2106.09685, 2021. URL
https://arxiv.org/abs/2106.09685.

Guangxuan Xiao, Yuandong Tian, Beidi Chen, Song Han, and Mike Lewis. Efficient streaming
language models with attention sinks, 2023.

Peng Xu, Wei Ping, Xianchao Wu, Lawrence McAfee, Chen Zhu, Zihan Liu, Sandeep Subramanian,
Evelina Bakhturina, Mohammad Shoeybi, and Bryan Catanzaro. Retrieval meets long context
large language models, 2024.

Huigiang Jiang, Qianhui Wu, Xufang Luo, Dongsheng Li, Chin-Yew Lin, Yuqing Yang, and Lili Qiu.
Longllmlingua: Accelerating and enhancing llms in long context scenarios via prompt compression,
2023.

Yucheng Li, Bo Dong, Chenghua Lin, and Frank Guerin. Compressing context to enhance inference
efficiency of large language models, 2023b.

Yi Tay, Mostafa Dehghani, Samira Abnar, Yikang Shen, Dara Bahri, Philip Pham, Jinfeng Rao,
Liu Yang, Sebastian Ruder, and Donald Metzler. Long range arena: A benchmark for efficient
transformers, 2020.

Jiaqi Li, Mengmeng Wang, Zilong Zheng, and Muhan Zhang. Loogle: Can long-context language
models understand long contexts?, 2023c.

Nelson F. Liu, Kevin Lin, John Hewitt, Ashwin Paranjape, Michele Bevilacqua, Fabio Petroni, and
Percy Liang. Lost in the middle: How language models use long contexts, 2023b.

12


https://github.com/gkamradt/LLMTest_NeedleInAHaystack
https://github.com/gkamradt/LLMTest_NeedleInAHaystack
https://www.reddit.com/r/LocalLLaMA/comments/14mrgpr/dynamically_scaled_rope_further_increases/
https://www.reddit.com/r/LocalLLaMA/comments/14mrgpr/dynamically_scaled_rope_further_increases/
https://arxiv.org/abs/2310.16450
https://arxiv.org/abs/2310.16450
https://arxiv.org/abs/2106.09685

Under review as a conference paper at ICLR 2025

Jianlin Su, Murtadha Ahmed, Yu Lu, Shengfeng Pan, Wen Bo, and Yunfeng Liu. Roformer: Enhanced
transformer with rotary position embedding. Neurocomputing, 568:127063, 2024.

Together.Al. Llama-2-7b-32k-instruct — and fine-tuning for llama-2 models with together api, 2023.
URL https://www.together.ai/blog/llama—2-7b-32k—-instructh

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//1msys.org/blog/2023-03-30-vicuna/.

Hongye Jin, Xiaotian Han, Jingfeng Yang, Zhimeng Jiang, Zirui Liu, Chia-Yuan Chang, Huiyuan
Chen, and Xia Hu. LIm maybe longlm: Self-extend 1lm context window without tuning, 2024.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, Dan Bikel, Lukas Blecher, Cris-
tian Canton Ferrer, Moya Chen, Guillem Cucurull, David Esiobu, Jude Fernandes, Jeremy Fu,
Wenyin Fu, Brian Fuller, Cynthia Gao, Vedanuj Goswami, Naman Goyal, Anthony Hartshorn,
Saghar Hosseini, Rui Hou, Hakan Inan, Marcin Kardas, Viktor Kerkez, Madian Khabsa, Isabel
Kloumann, Artem Korenev, Punit Singh Koura, Marie-Anne Lachaux, Thibaut Lavril, Jenya Lee,
Diana Liskovich, Yinghai Lu, Yuning Mao, Xavier Martinet, Todor Mihaylov, Pushkar Mishra,
Igor Molybog, Yixin Nie, Andrew Poulton, Jeremy Reizenstein, Rashi Rungta, Kalyan Saladi,
Alan Schelten, Ruan Silva, Eric Michael Smith, Ranjan Subramanian, Xiaoqing Ellen Tan, Binh
Tang, Ross Taylor, Adina Williams, Jian Xiang Kuan, Puxin Xu, Zheng Yan, Iliyan Zarov, Yuchen
Zhang, Angela Fan, Melanie Kambadur, Sharan Narang, Aurelien Rodriguez, Robert Stojnic,
Sergey Edunov, and Thomas Scialom. Llama 2: Open foundation and fine-tuned chat models,
2023.

Mojan Javaheripi, Sébastien Bubeck, Marah Abdin, Jyoti Aneja, Sebastien Bubeck, Caio
César Teodoro Mendes, Weizhu Chen, Allie Del Giorno, Ronen Eldan, Sivakanth Gopi, Suriya
Gunasekar, Mojan Javaheripi, Piero Kauffmann, Yin Tat Lee, Yuanzhi Li, Anh Nguyen, Gus-
tavo de Rosa, Olli Saarikivi, Adil Salim, Shital Shah, Michael Santacroce, Harkirat Singh Behl,
Adam Taumann Kalai, Xin Wang, Rachel Ward, Philipp Witte, Cyril Zhang, and Yi Zhang. Phi-2:
The surprising power of small language models, 2023.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey, Abhishek Kadian, Ahmad Al-Dahle, Aiesha
Letman, Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan, et al. The llama 3 herd of models.
arXiv preprint arXiv:2407.21783, 2024.

Jack W. Rae, Anna Potapenko, Siddhant M. Jayakumar, and Timothy P. Lillicrap. Compressive
transformers for long-range sequence modelling, 2019.

Zhangir Azerbayev, Bartosz Piotrowski, Hailey Schoelkopf, Edward W. Ayers, Dragomir Radev, and
Jeremy Avigad. Proofnet: Autoformalizing and formally proving undergraduate-level mathematics,
2023.

Ofir Press, Noah Smith, and Mike Lewis. Train short, test long: Attention with linear biases enables
input length extrapolation. In International Conference on Learning Representations, 2022. URL
https://openreview.net/forum?id=R8sQPpGCv0.

Xin Li and Dan Roth. Learning question classifiers. In Proceedings of the 19th international
conference on Computational linguistics -, Jan 2002. doi: 10.3115/1072228.1072378. URL
http://dx.doi.org/10.3115/1072228.1072378.

Simeng Sun, Kalpesh Krishna, Andrew Mattarella-Micke, and Mohit Iyyer. Do long-range language
models actually use long-range context?, 2021.

Daria Soboleva, Faisal Al-Khateeb, Robert Myers, Jacob R Steeves, Joel Hes-
tness, and Nolan Dey. SlimPajama: A 627B token cleaned and dedu-
plicated version of RedPajama. https://www.cerebras.net/blog/
slimpajama—-a-627b-token-cleaned-and-deduplicated-version-of-redpajama,
6 2023. URL https://huggingface.co/datasets/cerebras/
SlimPajama—-627Bl

13


https://www.together.ai/blog/llama-2-7b-32k-instruct
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://openreview.net/forum?id=R8sQPpGCv0
http://dx.doi.org/10.3115/1072228.1072378
https://www.cerebras.net/blog/slimpajama-a-627b-token-cleaned-and-deduplicated-version-of-redpajama
https://www.cerebras.net/blog/slimpajama-a-627b-token-cleaned-and-deduplicated-version-of-redpajama
https://huggingface.co/datasets/cerebras/SlimPajama-627B
https://huggingface.co/datasets/cerebras/SlimPajama-627B

702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2025

APPENDIX

7.1 RESULTS ON LARGER MODEL SI1ZES OF LLAMA-2
7.1.1 RESULT OVERVIEW
Result overview of 7b, 13b, and 70b models results across different extension types. Note that the

perplexity is evaluated on Proof-file. Llama2-13b and Llama2-70b is evaluated on 4k context length
for perplexity, Longbench and RULER.

Table 5: Overview of 7b, 13b, and 70b models results across different extension types.

Model | Method | PPL Needle LongB RULER

Base (4k) 3.04 8.40 3292 80.94
NTK-Frozen | 4.06  18.80 25.54 0.72
Self-Extend | 2.75  25.80 33.62 29.50
Llama2-7b PI 2.58  42.10 33.48 57.66
NTK-32k 2.54  83.70 35.32 59.42
YaRN 2.59  46.70 33.45 36.95
CLEX 255  71.10 33.48 52.17

Base (4k) 290 17.00 33.84 86.35
NTK-Frozen | 3.31  43.00 31.87 2.30
Self-Extend | 2.65  53.50 33.69 30.23
Llama2-13b PI 246 45.00 37.45 55.95
NTK-32k 244 82.20 38.41 58.38
YaRN 246 44.20 34.03 44.79
CLEX 243 7890 35.89 52.76

Base (4k) 2.66  14.70 34.00 93.67
NTK-Frozen | 3.25  30.90 32.40 11.39
Llama2-70b | Self-Extend | 2.43  32.60 29.10 31.94

PI 226 49.80 42.44 77.98
NTK-32k 225 90.50 41.51 76.97

7.1.2 PERPLEXITY AND DOWNSTREAM TASKS

As shown in Figure[d] we observe a general correlation between perplexity and model performance
across different model sizes. Most models exhibit a negative correlation between perplexity and
performance on LongBench and RULER. However, the correlation is weaker on Needle-in-the-
haystack.

o o b Methods
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70b-PI
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13bYaRN
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13b-NTK-32k
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70b-NTK n
7b-Self-Extend
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Figure 4: Perplexity and averaged downstream task accuracy for NIAH, LongBench and RULER.
7.1.3 NEEDLE-IN-THE-HAYSTACK

The result of the Needle-in-the-haystack task across different model sizes and extension types are
shown in Figure 5] Non-extension methods like NTK-Frozen and Self-Extend demonstrate improved
performance at larger scales, while maintaining consistent performance rankings across model sizes.
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Llama2-7b Llama2-13b Llama2-70b

Llama2-7b-NTK-F Llama2-13b-NTK-F Llama2-70b-NTK-F

Llama2-7b-SelfExtend Llama2-13b-SelfExtend Llama2-70b-SelfExtend

Depth of Needle
#

]

Llama2-7b-PI Llama2-13b-PI Llama2-70b-PI

16k 32 2 16k 32

Llama2-7b-NTK-32k Llama2-13b-NTK-32k Llama2-70b-NTK-32k

Figure 5: Needle in a Haystack evaluation with different sizes of models. Green squares indicates a
high retrieval success rate, the white dashed line denotes the longest length examples seen at training
or finetuning, and the Y-axis represents the distance to the retrieved target.

7.2 KENDALL CORRELATION OF DOWNSTREAM TASK PERFORMANCE AND PERPLEXITY

We use a non-parametric method, the ken-tau correlation to evaluate the correlation between down-
stream task performance and perplexity.

Consistency Across Tasks The results show a strong and statistically significant negative correla-
tion between perplexity and downstream performance for most tasks. This supports the claim that
lower perplexity values are generally associated with better downstream task performance.

Task-Specific Observations The strongest correlations are observed for Needle and RULER, where
Kendall’s tau indicates a robust alignment between perplexity and task performance rankings. For
Mshots, the correlation is moderate and statistically weaker, suggesting that perplexity’s predictive
ability may vary slightly depending on the task.

Impact of Perplexity Range Even when perplexity values are close (e.g., below 6), perplexity
rankings remain a reliable indicator of downstream performance. However, the narrower range may
amplify the observed performance differences, highlighting the need for nuanced interpretation.
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Table 6: Perlexity and Downstream Tasks Correlations and Interpretations.

Task | Kendall’s Tau | p-value | Interpretation

Needle -0.7191 0.0041 | Statistically significant (p < 0.01).
Mshots -0.4944 0.0482 | Borderline significant (p ~ 0.05).

LongB -0.6136 0.0149 | Statistically significant (p < 0.05).
RULER -0.7191 0.0041 | Statistically significant (p < 0.01).

7.3 PERFORMANCE ON SHORT GENERAL TASKS

Short-context Tasks We analyzed performance on short tasks from the Open LLM Leaderboarcﬂ
to validate our hypothesis regarding context length impact. Results are shown in Table[7} Our analysis
revealed three key findings: (1) long-context extension methods generally show minor performance
degradation on short-text tasks compared to the base model, with NTK-Frozen outperforming NTK-
ROPE, (2) continuous fine-tuning methods demonstrate more significant short-text performance
reduction, suggesting a trade-off between long and short context capabilities, and (3) these results
corroborate the negative log-likelihood patterns observed in Figure [§] (Right).

Table 7: Model Performance on short Tasks. HS refers to Hellaswag, TQA refers to Truthful QA and
WG refers to WinoGrande.

Methods | ARC-c ARC-e HS MMLU TQA WG Avg.

Llama2-7b 52.73 81.31 7896  42.09 3897 7443 6142
LM-Infinite 52.56 81.36 7895  42.09 3896 74.11 61.34
Self-Extend | 52.56 81.31 7894  42.07 3897 7443 61.38
NTK-Frozen | 52.73 81.31 7896  42.09 3897 7443 6142
PI 51.11 81.14 7744  37.19  38.03 71.74 59.44
NTK-32k 49.15 80.22 7448 3525 38.13 72.61 5831
NTK-64k 46.08 78.32  70.68 3427  39.08 70.24 56.45
YaRN 53.41 81.82 7847  41.06  38.63 74.43 61.30
CLEX 50.60 81.27 76.06 3754  36.10 64.72 57.72
LongLora 46.67 78.58  67.08 2629  37.61 5525 5191

7.4 EFFICIENCY ANALYSIS

We conduct inference speed comparisons under controlled conditions using the same hardware setup.
As shown in Table[8] we observed that approximate attention methods are indeed faster, achieving a
speedup of approximately 1.5x to 2x compared to LLaMA when the context length is short; however,
when the context length gets longer, we didn’t see a significant margin. We hypothesize that the
discrepancy between the theoretical FLOPs-based comparisons and the observed speedup arises due
to differences in hardware characteristics and CUDA implementations of the respective methods.

7.5 MANY-SHOT IN-CONTEXT LEARNING

Many-shot In-Context Learning with Trec News
We evaluate TREC News (Li and Rothl, 2002) with 1
to 1000 in-context examples. In general, performance
improves with more examples in Figure[] Exact At-
tention methods show significant gains from 10 to 50
examples (+44.0%), with slower growth from 50 to
100 examples (+5.7%). Approximate Attention meth-
ods consistently underperform. Performance gains
align with model perplexity; NTK-Frozen excels with "7 " T Number of Examples nContext
fewer examples but underperforms with more.

Accuracy
N

Figure 6: Many-shot ICL on TREC News.

1https ://huggingface.co/spaces/open—-11lm-leaderboard-old/open_1l1lm_
leaderboard
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Table 8: Efficiency analysis for different sequence lengths (4k, 8k, 16k, 32k). The prefill time(Pre)
cost represents the time required to generate the first token. The decoding speed(Dec) (seconds /
per token) is averaged over 100 token inferences at each sequence length. Memory consumption
corresponds to the peak GPU memory usage during inference. All methods, except for LM-Infinite
and Landmark, utilize Flash-Attention 2 for enhanced computational efficiency.

M | 4k | 8k | 16k | 32k
Method
\ Pre (s) Dec(s) Mem (GB) \ Pre (s) Dec(s) Mem (GB) \ Pre (s) Dec(s) Mem (GB) \ Pre (s) Dec(s) Mem (GB)

Llama2 1.15 0.03 17.13 1.51 0.06 21.61 241 0.11 30.59 4.63 0.21 48.55
NTK-F 1.16 0.04 17.13 1.56 0.05 21.61 2.39 0.06 30.59 4.69 0.09 48.55
PI 1.15 0.03 22.05 1.54 0.03 26.54 2.43 0.05 35.51 4.74 0.08 53.47
NTK-32k 1.17 0.04 17.11 1.56 0.04 21.60 2.42 0.06 30.58 4.75 0.09 48.53
YaRN 1.23 0.03 18.05 1.53 0.03 22.54 243 0.05 31.51 4.80 0.08 49.47
CLEX 1.16 0.05 17.16 6.99 0.07 21.74 7.68 0.11 30.92 10.06 0.18 49.28
LM-Infinite 1.56 0.05 17.23 3.34 0.07 25.47 5.82 0.11 38.60 11.58 0.18 65.61
Self-Extend 1.24 0.05 17.23 1.63 0.07 21.81 2.63 0.13 30.98 4.97 0.22 49.32
LongLora 1.16 0.05 17.16 1.65 0.05 21.65 2.60 0.05 30.62 5.07 0.08 48.58
Landmark 8.62 0.08 18.77 17.65 0.08 22.97 36.47 0.09 31.22 77.77 0.09 47.74

7.6 DETAILS OF YARN EXTENSION METHOD

YaRN, another RoPE extension method, uses “NTK-
by-parts" interpolation strategies across different dimensions of the embedding space and introduces
a temperature factor to adjust the attention distribution for long inputs.

ayN = ((1—7j)%+7j)/ﬁ (14)

We use a ramp vector -y to determine the interpolation between the % and the original frequency base.
The interpolation gating is set based on the frequency for the dimension j.

0,  if6; <p,
v = 1, if Gj >q, (15)
0;:; , otherwise.

The values of p, ¢, T' can be tuned as needed.

7.7 LLAMA-3 AND PHI-2 FOR CONTEXT EXTENSION

We use other open-weight models, LLaMA-3-8B base and Phi-2-base (Javaheripi
2023)) as the base point for context extension, to verify whether the trends and analyses we
observed are consistent across different base models. Using an identical training recipe, we re-train
and re-evaluate seven models with Llama-3-8B base and Phi-2-base.

7.7.1 PERPLEXITY ON PROOF-FILE OF LLAMA-3 AND PHI-2

We evaluate the perplexity of LLaMA-3-8B base in Table[9]and Phi-2-base in Table[T0] Consistent
with our observations on LLaMA-2-7B, continuous fine-tuning methods like PI and YaRN effectively
maintain low perplexity scores within the pre-training context length. However, perplexity scores
escalate once the context length exceeds the pre-trained window. Notably, only NTK and CLEX
could generalize to unseen sequence lengths during both pre-training and continual fine-tuning.

7.7.2 RULER OfF LLAMA-3 AND PHI-2

We test all models on all 13 diverse tasks for LLaMA-3-8B and 12 tasks (except QA-2) for Phi-2
from the four Ruler [Hsich et al.| (2024) categories in Table[TT]and Table[I2] Consistently, NTK-32k
maintains relatively strong performance compared to other methods fine-tuned with a length cap
of 32k and showing a slight drop in performance at 64k. The only exception is Self-Extend on
LLaMA-3-8B, which benefits from a larger pretraining length of 8192. Self-Extend demonstrates
superior performance on LLaMA-3 compared to LLaMA-2 and Phi-2, with performance approaching
that of CLEX and PI.
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Table 9: Perplexity results of different methods on Proof-file with LLaMA-3-8B base. Len refers
to the longest-length examples seen at training or fine-tuning. Ex refers to the exact attention. All
results are produced by our experiments.

Model Details Eval Length
Len Ex Methods 2k 4k 8k 16k 32k 64k

8k v’ LLaMA-3 298 272 254 31.11 318 -
Frozen 8k v NTK-Frozen | 298 2.72 2.54 248 380 8.69

8k Self-Extend | 2.98 2.72 2.54 243 236 262
32k v PI 313 283 263 249 239 3877
Finetuned 32k v NTK-32K 305 276 257 243 234 228
32k v YaRN 316 286 2.66 252 243 4989
32k v CLEX 330 2.89 2.64 247 238 239

Table 10: Perplexity results of different methods on Proof-file with Phi-2-base. Len refers to the
longest-length examples seen at training or fine-tuning. Ex refers to the exact attention. All results
are produced by our experiments.

Model Details Eval Length
Len Ex Methods 2k 4k 8k 16k 32k 64k

2k v' Phi-2-base 4.02 2572 175.05 - - -
Frozen 2k v' NTK-Frozen | 4.02 3.73 4.07 549 1258 36.68

2k Self-Extend | 4.08 3.70 348 342 348 373
32k v PI 7.53 6.75 625 597 583 45.00
Finetuned 32k v NTK-32K 424 381 351 332 318 320
32k v CLEX 553 432 378 351 342  3.60
64k v NTK-64K 4.63 4.14 382 3.61 347 338

7.8 IMPLEMENTATION DETAILS
7.8.1 TRAINING

To maintain consistency across all models, we use a fixed training protocol (Chen et al.l 2023b)). We
adopt standard practices by applying an exponential moving average (EMA) to the model weights
with a constant decay rate. Most training hyperparameters are based on (Fu et al.l|2024), including a
learning rate of 2 x 10~°. We implement a linear warm-up for the learning rate and set the weight
decay to zero, utilizing 8 NVIDIA A100 GPUs. We present the hyperparameter settings for different
methods on LLaMA-2-7B, LLaMA-3-8B, and Phi-2 during the training stage in Table[T3]

LLaMA-2 For LonglLora, we fine-tune the LoRA adapter weights along with trainable embeddings
and normalization, subsequently integrating these trained weights into the LLaMA?2 base model for
evaluation. For Landmark Attention, the training context length is 512, with a block size of 64. For
YaRN, we set beta fast to 32, beta slow to 1, and « to 8.0. For CLEX, we set the max scale factor
to 32 and use the SiLU activation function. For NTK-RoPE, given the maximum observed length
during training or inference, Ci., and the scaling hyperparameter s, we follow [Fu et al.| (2024)) in

replacing ¢ with s - max(CCle) (s — 1), and set the hyperparameter s to % during both training
and inference. We set s to 4.0 for NTK-32k and s to 8.0 for NTK-64k. For LM-infinite, we set the
global memory G = 10 and the local window M = 4096.

LLaMA-3 For YaRN, we set beta fast to 32, beta slow to 1, and « to 4.0. For CLEX, we set the
max scale factor to 16 and use the SiLU activation function. For NTK-RoPE, we set s to 2.0.

Phi-2 For CLEX, we set the max scale factor to 64 and use the tanh activation function. For
NTK-RoPE, we set s to 8.0 for NTK-32k and 16.0 for NTK-64k.
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Table 11: RULER evaluation on seven methods with LLaMA-3-8B. Performance of models evaluated
at length from 8k to 64k. Each score is computed by averaging the accuracy of 13 tasks. Train Len
refers to the longest-length examples seen at continuous finetuning.

Train

Models 4k 8k 16k 32k 64k
Len

LLaMA-3 8k 93.63 91.16 0.06 0.01 0.05
Frozen NTK-Frozen 8k 93.63 91.15 6.86 1.98 0.02

Self-Extend 8k 9273 84.11 78.78 71.40 38.79

PI 32k 91.60 88.56 86.99 73.14 0.02
Finetuned NTK-32K 32k 93.68 91.67 91.12 86.04 65.42

YaRN 32k 92.51 90.59 88.07 68.69 0.06

CLEX 32k 89.65 87.35 87.89 69.27 39.81

Table 12: RULER evaluation on seven methods with Phi-2-base. Performance of models evaluated
at length from 2k to 64k. Each score is computed by averaging the accuracy of 12 tasks. Train Len
refers to the longest-length examples seen at continuous finetuning.

Models Train |50 4k 8k 16k 32k 64k
Len

Phi-2-base 2k 83.73 - - - - -
Frozen NTK-Frozen 2k 8398 5295 18.09 4.07 0.06 0.00

Self-Extend 2k 68.55 50.82 36.65 22.00 7.83 2.32

PI 32k 2551 23.19 16.88 1499 4.78 0.00
Finetuned NTK-32K 32k 81.18 6690 5257 46.53 32.06 12.84

CLEX 32k 75.33 72.66 53.56 4623 2546 13.03

NTK-64K 64k 78.73 59.87 47.56 4187 25.66 17.69

7.8.2 INFERENCE

For all methods on all base models, we show the hyperparameter settings and present the v used for
different length ranges during inference in Table[T4]

LLaMA-2 For Landmark Attention, the training context length is set to 512, with a block size of
64. For Self-Extend, we set the local window size M for neighbor tokens to 1024 and the group size

N to 64. For NTK-RoPE, we replace ¢ with s - %,C‘“‘) — (s — 1) and set s to 4.0 for NTK-32k
and 8.0 for NTK-64k.

LLaMA-3 For Self-Extend, we set the local window size M for neighbor tokens to 2048 and the
group size N to 32. For NTK-RoPE, we set s to 2.0 for NTK-frozen and 4.0 NTK-32k.

Phi-2  For Self-Extend, we set the local window size M for neighbor tokens to 512 and the group
size N to 128. For NTK-RoPE, we set s to 2.0 for NTK-frozen, 8.0 for NTK-32k, and 16.0 for
NTK-64k.

7.9 TRAINING DATA CONSTRUCTION

We sample 1B tokens from a long-context data mixture following [Fu et al.| (2024). We use the
SlimPajama (Soboleva et al., [2023) dataset for continuous finetuning. This dataset serves as an
open-source replication of the LLaMA (Touvron et al.,[2023) pretraining data mixture. It comprises
82% web data (sourced 67% from CommonCrawl and 15% from C4), 4.5% code data (Github),
4.5% Wikipedia content, 4.5% books, 2.5% Arxiv papers, and 2.0% StackExchange content. We use
per-source length-upsampling to sample 1B tokens from the datasets, which increases the portion
of long sequences while keeping the domain mixture the same. We packed all sampled data into
chunks of the corresponding training length, regardless of document boundaries, following common
practiceTouvron et al.| (2023); [Fu et al.[(2024).
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Table 13: Hyperparameters for Different Long Sequence Methods in Training.

Models Methods Train Train le’ bsz Ir
Len Tokens
PI 32k 1B 8.0 32 2e-5
NTK-32K 32k 1B 290 32 25
YaRN 32k 1B 8.0 32 2e-5
LLaMA-2 4 ol ora 32k 1B 80 32 25
Landmark 32k 1B - 32 2e-5
NTK-64K 64k 1B 57.0 32 2e-5
NTK-64K-2B 64k 2B 57.0 32 2e-5
PI 32k 1B 4.0 32 2e-5
LLaMA-3 NTK-32K 32k 1B 7.0 32 2e-5
YaRN 32k 1B 4.0 32 2e-5
PI 32k 1B 16.0 32 2e-5
Phi-2 NTK-32K 32k 1B 121.0 32 2e-5
NTK-64K 64k 1B 497.0 32 2e-5

Table 14: Hyperparameters for the Scale Factor o Different Long-context Methods in Inference.

Models Methods | 4k 8k 16k 32k 64k
NTK-Frozen 1.0 3.0 7.0 15.0 31.0
PI 80 80 80 80 80
NTK-32K | 290 290 290 29.0 61.0
LLaMA-2 v pN 80 80 80 80 80

LongLora 80 80 80 80 8.0
NTK-64K 570 57.0 57.0 570 57.0

NTK-Frozen | 1.0 1.0 30 70 150

PI 40 40 40 40 40
LLaMA-3  Nrrsok | 13.0 13.0 130 13.0 290
YaRN 40 40 40 40 40
NTK-Frozen | 3.0 7.0 15,0 31.0 63.0

o Pl 160 160 160 160 160

NTK-32K 121 121 121 121 249
NTK-64K 497 497 497 497 497

7.10 LONGER MODEL NEEDS MORE TRAINING TOKENS

We observe that the performance of NTK-64K is not as good as NTK-32K. Consequently, we further
sample 2B tokens from a long-context data mixture from |Fu et al.| (2024) for training and evaluate the
model on the "Needle in A Haystack" task, as shown in Figure[7] Our NTK-64K model demonstrates
a significant performance improvement when trained with more tokens, indicating that longer models
require more tokens for effective training.

7.11 ROPE SCALE FACTOR FOR DYNAMIC NTK

We observe that the scale factor significantly degrades NTK-Dynamic models, particularly causing
performance deterioration in shorter sequences. Therefore, we conduct a grid search to determine a
better scale factor for different input lengths. The scale factor and its relationship with perplexity on
PG19 are reported in Table
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1090 the longest length examples seen at training or finetuning, and the Y-axis represents the distance to
. the retrieved target.

1092 Table 15: The scale factor and its relationship with perplexity on PG19. We only use the first 2
1093 documents of PG19 to calculate the perplexity.

1094

1095 Models | Scale Factor | 4k 8k 16k 32k 64k
1ee 1 7.65 11882 NaN NaN  NaN
oer 3 819  7.99 5715 386.02 NaN
1098 NTK-Frozen 7 9.39 9.26 9.61 72.62 486.13
1099 15 11.53  12.04 1298 20.15 180.59
1100 31 16.18  20.66 26.67 40.06  69.01
1101 63 3022 4878 69.89 89.75 118.59
oz 1 1264 NaN NaN NaN  NaN
1103 5 784 7.638 1036 NaN NaN
1104 13 7.686 7459 7.25 8.35 NaN
110 NTK-32K 29 7689 7457 724 682 9.1l
1106 61 7.8 7565  7.34 6.91 6.63
1107 125 799 7774 157 7.13 6.83
1108 1 19.16 NaN NaN NaN NaN
1109 9 8.02 7.79 7.63 22.6 NaN
1110 NTK-64K 25 7.89 7.65 7.443 7.04 14.02
1111 57 7922  7.67 7.44 7.01 6.75
1112 121 8.016 7.75 7.51 7.06 6.77
1113

1114

1115

e 7.12 LONGLORA VALIDATION

7 To validate our LongLora [Chen et al/ (2023b) implementation, we reproduce their Llama-2-7b-
e longlora-32k model following LongLora’s training data and training recipe. We evaluate the perplexity
1119 for the corresponding length on PG19 and Proof-file in Table[T6]

1120

1121

1122 Table 16: Perplexity results of LongLora reported and our reproduction on PG 19 and Proof-file.
1123

. Method | 2k 4k sk 16k 32

1126 PG19

127 Llama-2-7b-longlora-32k | 8.29 7.83 7.54 735 7.22

1128 Our Reproduction 810 7.69 743 7.28 732

e Proof-file

1130

1131 Llama-2-7b-longlora-32k | 3.35 3.01 2.78 2.61 2.50

1132 Our Reproduction 333 3.01 280 267 261

1133
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7.13 LONGBENCH RESULTS
The evaluation results of all methods on LongBench are presented in Table

Table 17: LongBench results. N-32 and N-64 refer to NTK finetuned on 32K and 64K context
lengths respectively. Inf refers to LM-Infinite. SE refers to Self-Extend. LLR refers to LongLora.
Avglen refers to average length of the datasets. Train Len refers to the longest length examples seen
at training or finetuning. Eval Len refers to the maximum length of the input prompt. v'refers to
whether the method is exact attention.

Exact Avglen Frozen Finetuned

Base Inf  N-F SE PI N-32 YaRN CLEX LLR Land N-64
v v v v v v

Train Len 4k 4k 4k 4K 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 32k 32k 32K 32k 32k 32k 32k 32k 32k 32k
NQA 18,409 | 21.09 10.39  3.88 2349 | 23.02 2373 19.82 24.19 12.07 1247 2431
QAPR 3,619 | 26.94 2258 2679 28.75 | 25.85 27.50 2698 2336 20.15 19.06 24.97
MFQA 4,559 | 3242 26.19 29.82 32.66 | 35.10 3822 37.11 4083 2450 21.86 40.60
HPQA 9,151 | 31.23 16.13 32.10 37.63 | 36.98 41.56 38.60 3559 2741 33.66 4147
WMQA 4,887 | 25.75 20.64 2234 30.70 | 29.38 31.58 30.63 28.24 21.46 2494 28.62
MSQ 11,214 | 10.55 526  8.84 1573 | 16.80 17.41 22.08 17.12 11.46 1141 18.24
GR 8,734 | 17.32 1343 17.87 13.15 | 25.61 28.27 2098 24.68 24.05 1720 24.37

QMSM 10,614 | 21.28  6.10 1535 20.20 | 21.19 21.52 20.66 21.55 17.66 18.83 21.65
MNWS 2,113 | 344 363 930 150 | 1055 22.13 891 1696 21.19 1943 25.02
TREC 5,177 | 66.00 61.00 67.50 69.00 | 71.00 69.00 69.00 67.50 50.00 49.00 69.00
TRVQA 8,209 | 87.89 8140 18.69 88.44 | 88.55 88.86 89.63 8936 12.28 7475 88.65
SMSM 6,258 | 41.70 15.07 3246 43776 | 43.35 4221 4425 43.02 1345 4038 41.59

PSC 11,141 210 1.62 267 0.00 1.50  2.68 1.05 250 457 064 209
PSR 9,280 | 9.00 4.00 377 450 | 450 4.62 3.79 850 350 250 6.50
LCC 1,235 | 68.22 67.68 63.64 6847 | 55.05 56.78 54.06 4945 57.12 56.70 52.04
REPO 4206 | 61.73 5827 53.69 59.99 | 4726 49.09 47.60 4284 5192 4823 39.68

Average 7425 | 3292 2584 2554 33.62 | 3348 3532 3345 3348 2330 28.19 3430

7.14 RULER SUBTASKS RESULT
The performance of models on different lengths and breakdowns by 13 subtasks are reported in Table

[TS(RULER on 4k), Table TO{RULER on 8k), Table FO(RULER on 16k), Table ZT(RULER on 32k)
and Table 22{RULER on 64k).
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Table 18: Ruler results on 4k context length. N-32 and N-64 refer to NTK finetuned on 32K and
64K context lengths respectively. Inf refers to LM-Infinite. SE refers to Self-Extend. LLR refers to
LongLora. Train Len refers to the longest length examples seen at training or finetuning. Eval Len
refers to the maximum length of the input prompt. v refers to whether the method is exact attention.

Exact Frozen Finetuned
Base Inf N-F SE PI N-32 YaRN CLEX LLR Land N-64
v v v v v v v
Train Len 4k 4k 4k 4k 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k

NIAH_S1 100.00 100.00 100.00 100.00 | 98.00 100.00 99.60 100.00  0.00 49.00 100.00
NIAH_S2 100.00 100.00 100.00 100.00 | 99.80 100.00 88.60 100.00  0.00 20.60 100.00
NIAH_S3 99.20 9580 98.80 89.80 | 99.80 9420 53.00 89.60 0.00 10.00  97.20
NIAH_M1 99.20  98.80  99.20  79.00 | 99.20 9920 62.60 95.80 0.00 10.60  98.00
NIAH_M2 88.00 83.00 88.20 26.00 | 9540 9740 14.00 8320 0.00 6.80 97.00
NIAH_M3 6140 6200 61.60 1440 | 78.00  68.20 820 53.80 0.00 120 84.80
NIAH_MV | 8355 9045 86.60 82.10 | 9545 9640 50.25 9510 0.05 10.80 96.15
NIAH_MQ | 9545 96.15 96.00 90.70 | 96.95 97.00 62.00 9620 0.00 535 9825

VT 5772 5856  56.48 892 | 96.64 98.16 2568 8572 0.00 292 97.00
CWE 7820 7590 7820  73.56 | 81.38  80.86 5878  82.60 64.70 23.16 7426
FWE 84.33 8420 8493  80.07 | 58.40 8553 2620 52.60 1853 8493 8140
QA_1 6220 6040 6240 60.60 | 57.80  62.40 60.20 55.80 2620 37.20  55.80
QA2 43.00 4340 4240 4020 | 4240 4620 4320 38.20 28.00 2820  46.00
Avg. | 80.94 81.05 81.14 6503 | 8456 8658 50.18 79.12 10.58 2237  86.60

Table 19: Ruler results on 8k context length.

Exact Frozen Finetuned
Base Inf N-F SE PI N-32  YaRN CLEX LLR Land N-64
v v v v v v v
Train Len 4k 4k 4k 4k 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k
NIAH_SI1 - 46.00 61.60 100.00 99.00 99.80 100.00 100.00  0.00 46.00 100.00
NIAH_S2 - 36.60 5940 98.80 | 100.00 100.00 99.40 100.00 0.00 7.20 100.00
NIAH_S3 - 20.80 51.00 88.60 99.20 9420  96.00 97.80  0.00 3.80 99.20
NIAH_MI1 - 27.80 46.00 69.40 98.00 94.20 86.60 90.20 0.00 7.60  95.20
NIAH_M2 - 440 11.00 8.20 91.60 86.20  60.60 66.00 0.00 1.60 86.60
NIAH_M3 - 2.60  4.00 3.20 48.40 52.20 34.60 11.80  0.00 0.00 47.40
NIAH_MV - 3035 41.35 52.95 65.50 85.95 70.40 61.25 0.00 6.25 84.75
NIAH_MQ - 30.15 5040 78.70 93.25 9520 9245 86.95 0.00 3.35 94.95
VT - 488 69.88 1.48 91.20 96.16 7752  48.16  0.00 3.08 94.36
CWE - 65.08 40.30 30.82 45.66 45776  44.72 3272 1892 22.08 40.80
FWE - 56.73 64.87 59.00 65.07 70.13 10.53 4540 16.73 76.60  54.13
QA_1 - 3580 4440 31.00 50.80 4920 4320 4820 22.80 25.00 50.20
QA_2 - 29.00 33.60 37.40 40.80  41.80 36.80 42.60 2440 2520 @ 44.80
Avg. \ - 30.01 4445 50.73 \ 76.04  77.75 65.60 63.93 6.37 17.52 76.34
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Table 20: Ruler results on 16k context length.

Exact Frozen Finetuned
Base Inf N-F SE PI N-32  YaRN CLEX LLR Land N-64
v v v v v v v
Train Len 4k 4k 4k 4k 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k
NIAH_S1 - 21.00 1420 99.80 | 9720 99.40 100.00 99.80 0.00 4240  99.80
NIAH_S2 - 17.00 17.40 9340 | 100.00 100.00 99.20 100.00 0.20 6.80 100.00
NIAH_S3 - 11.60 820 77.00 | 99.60 98.60 89.60 99.60 0.00 3.60 100.00
NIAH_M1 - 1580 920 60.00 | 9780 9320 83.40 89.40 0.00 5.60 90.80
NIAH_M2 - 000 060 3.80| 8280 79.80 19.60 72.00 0.00 080 67.60
NIAH_M3 - 1.00  0.00 1.80 | 34.20 18.20 7.40 1500 0.00 0.00 29.60
NIAH_MV - 840 690 38.85 7755 8195 5875 6240 0.00 4.80 83.50
NIAH_MQ - 885 795 5930 | 9095 8620 85.15 81.60 0.00 275 90.35
VT - 656 11.28 1.16 | 6884 8356 47.12 4816 0.00 252 88.68
CWE - 1994 2836 17.80 | 2726 2632 2372 2860 0.62 1190 21.20
FWE - 7713 2580 59.80 | 4793 61.73 10.13  57.33 1293 81.60 51.73
QA_l - 2280 3640 28.00 | 46.00 4520 4320 4920 13.20 23.00 45.00
QA_2 - 2420 26.00 31.60 | 3520 36.00 37.40 33.40 20.80 2620  36.00
Avg. - 1802 1479 4402 | 69.64 70.01 54.21 64.35  3.67 16.31 69.56

Table 21: Ruler results on 32k context length.

Exact Frozen Finetuned
Base Inf N-F SE PI N-32 YaRN CLEX LLR Land N-64
v v v v v v v
Train Len 4k 4k 4k 4k 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k
NIAH_S1 - 7.80 0.00 83.00 | 97.20 99.00 85.80 8560 0.00 33.80 100.00
NIAH_S2 - 7.00 0.00 6840 | 99.00 100.00 81.00 94.00 0.00 320  99.20
NIAH_S3 - 6.40 0.00 42.80 | 97.00 99.40 6240 97.20 0.00 2.60 96.40
NIAH_M1 - 8.80 0.00 29.40 | 93.40 90.80 63.20 7840  0.00 5.40 82.60
NIAH_M2 - 0.00 0.00 2.40 | 48.80 39.40 6.40 4040 000 020 36.60
NIAH_M3 - 0.00 0.00 1.40 5.80 8.60 1.20 8.00 0.00 0.00 7.20
NIAH_MV - 3.75 0.00 24.65 | 61.30 68.20 3795 60.75 0.00 2.80 82.20
NIAH_MQ - 2.05 0.00 20.35 | 68.65 7825 4695 67.80 0.05 2.35 85.80
VT - 2.08 0.00 2.32 | 56.68 4328 22.00 30.08 0.00 2.52 71.28
CWE - 448 0.02 17.46 | 26.72 11.78 11.38 2270 13.26 3.68 7.34
FWE - 7267 293 46.73 | 31.00 64.53 15.13 34.67 1393 7247 51.53
QA_l - 2020 520 20.60 | 33.40 3440 23.00 28.00 6.00 22.60 27.00
QA_2 - 2520 1.20 24.00 | 30.60 3480 24.00 30.60 12.60 24.60 33.20
Avg. - 1234 0.72 29.50 \ 57.66 5942 3695 52.17 3.53 13.56 60.03
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Table 22: Ruler results on 64k context length.

Exact Frozen Finetuned
Base Inf N-F SE PI N-32 YaRN CLEX LLR Land N-64
v v v v v v v
Train Len 4k 4k 4k 4k | 32k 32k 32k 32k 32k 32k 64k
Eval Len 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k 4k
NIAH_S1 - 3.20 0.00 71.80 | 0.00 83.60 0.00 40.60 0.00 40.00 98.00
NIAH_S2 - 3.80 0.00 0.20 | 0.00 95.60 0.00 68.80 0.00 3.00 98.00
NIAH_S3 - 5.40 0.00 0.00 | 0.00 95.40 0.00 70.40 0.00 3.00 95.80
NIAH_M1 - 5.40 0.00 0.00 | 0.00 76.80 0.00 5540 0.00 520 67.20
NIAH_M2 - 0.00 0.00 2.60 | 0.00 15.20 0.00 15.80 0.00 0.00 25.80
NIAH_M3 - 0.00 0.00 0.20 | 0.00 1.20 0.00 1.00 0.00 0.00 4.00
NIAH_MV - 4.45 0.00 020 | 0.00 51.70 0.00 36.40 0.00 370 51.20
NIAH_MQ - 4.45 0.00 0.05 | 0.00 56.60 0.00 43.50 0.00 245 65.40
VT - 1.28 0.00 1220 | 0.00 34.28 0.00 0.00 0.00 240 41.48
CWE - 0.76 0.00 6.85 | 0.00 6.58 0.00 9.72  0.00 1.70 7.88
FWE - 7220 1147 2647 | 0.00 25.27 0.00 11.73 0.00 82.67 27.73
QA_l - 16.20 0.20 0.80 | 0.00 30.80 0.00 2560 0.00 19.60 29.20
QA_2 - 20.20 0.20 0.00 | 0.00 28.40 0.00 19.00 0.00 2020 29.40
Avg. \ - 10.56 0.91 9.34 \ 0.00 46.26 0.00 30.61 0.00 14.15 49.31
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