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Figure 1: Perplexity on Proof-pile(Lower is better).

(a) RoPE on 2K sequences. (b) RoPE on 8K sequences. (c) PI on 8K sequences.

(d) YaRN on 8K sequences. (e) NTK on 8K sequences.

Figure 2: Attention distributions of RoPE, PI, YaRN, and NTK methods on 2K and 8K sequences. The red line
represents the mean attention scores across all heads, layers, and examples. The other lines indicate the attention
scores for each head in each layer.

(a) RoPE on 2K sequences. (b) RoPE on 8K sequences. (c) PI on 8K sequences.

(d) YaRN on 8K sequences. (e) NTK on 8K sequences.

Figure 3: Attention distributions of RoPE, PI, YaRN, and NTK methods on 2K and 8K sequences on MiniMA-2-3B.

attention entropy. For example, at the same
depth, the positions with errors are among the
top-k in entropy; similarly, at the same length,
the error positions also have high entropy. We
hypothesize that the increase in attention entropy
with longer test lengths is due to the train-short-and-
test-long setting. During inference, the number of

tokens handled by the self-attention mechanism far
exceeds that during training. More tokens lead to
more dispersed attention, i.e., higher uncertainty,
causing a mismatch between training and inference.

A natural approach to lower attention
uncertainty for enhancing extrapolation. A
direct solution is to train on longer contexts,
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Pressure Testing LLaMa-2-7B-RoPE "Needle In A HayStack"
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Pressure Testing LLaMa-2-7B-PI "Needle In A HayStack"

(b) Finetuning with PI
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Pressure Testing LLaMa-2-7B-YaRN "Needle In A HayStack"

(c) Finetuning with YaRN
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Pressure Testing LLaMa-2-7B-NTK "Needle In A HayStack"

(d) Finetuning(FT) with NTK
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Pressure Testing LLaMa-2-7B-NTK-4K "Needle In A HayStack"

(e) FT on 4K with NTK from (d)
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Pressure Testing LLaMa-2-7B-NTK-32K "Needle In A HayStack"

(f) FT on 32K with NTK from (d)

Figure 4: Performance comparison for the Needle-in-a-Haystack Test. The x-axis represents the length of the
document, while y-axis indicates the depth percentage, showing the needle’s position within the document. For
instance, a position of 50% signifies that the needle is placed in the middle of the document. A red cell indicates
that the model fails to recall the information in the needle, whereas a green cell indicates success. A white dashed
line denotes the model’s continual pretrain length. Each value in the cells signifies the mean attention entropy, with
higher values reflecting more dispersed attention.

thereby increasing the number of attention tokens
during training and reducing attention uncertainty.
To validate our hypothesis, we finetune models
on 4K and 32K training lengths with the same
tokens on NTK. As shown in Figures 4(e) and
4(f), compared to models trained in short contexts,
models trained in more extended contexts exhibited
significantly lower attention uncertainty. For
example, at length 63938, the attention entropy
is generally below 5. The Needle test pass rates
improved significantly, especially in longer testing
contexts. Conversely, models trained with the same
number of tokens but shorter context sizes showed
little to no change in attention entropy, remaining
similar to the original one (4(d)).

5 Conclusions

This paper provides the first thorough understand-
ing of RoPE extensions for long-context LLMs
from an attention perspective, evaluated on two
widely-used benchmarks: Perplexity and Needle-
in-a-Haystack. Extensive experiments demonstrate
some valuable findings: 1) Compared to direct
extrapolation, RoPE extensions can maintain the
original training length attention patterns. 2) Large
attention uncertainty leads to retrieval errors in
needle testing in RoPE extensions. 3) Using longer
continual pretraining lengths for RoPE extensions
can reduce attention uncertainty and significantly
enhance extrapolation in target LLMs.



8960

Limitations

This paper primarily analyzes the widely-used
decoder-only LM, LLaMa (Touvron et al., 2023).
It does not include a validation study of encoder-
decoder and encoder-only architectures.
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A Experimental Results on MiniMA-2-3B
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Figure 5: Performance comparison for the Needle-in-a-
Haystack Test of MiniMa-2-3B.

Similar to the analysis in § 4, the Needle-in-a-
Haystack Test for MiniMa-2-3B also indicates that
the locations of needle retrieval errors frequently
align with areas of high attention entropy.

B Experimental Results on LLaMa-2-13B

Consistent with the analysis in § 3, we observe
that the attention patterns fluctuate when RoPE is
applied to 8K sequences, which exceed the training
length. However, when using RoPE extensions,
the attention distributions return to their original
patterns for 8K sequences, as demonstrated in
Figures 6.
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Figure 7: Performance comparison for the Needle-in-a-
Haystack Test of LLaMa-2-13B.

Similar to the analysis in § 4, the Needle-in-a-
Haystack Test for LLaMa-2-13B also indicates that
the locations of needle retrieval errors frequently
align with areas of high attention entropy.

C Detailed Calculation of Attention
Entropy
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(a) RoPE on 2K sequences. (b) RoPE on 8K sequences. (c) PI on 8K sequences.

(d) YaRN on 8K sequences. (e) NTK on 8K sequences.

Figure 6: Attention distributions of RoPE, PI, YaRN, and NTK methods on 2K and 8K sequences on LLaMa-2-13B.

Algorithm 1 Calculation of Attention Entropy

1: Input: model, prompt
2: Output: average attention entropy score
3: procedure ATTENTIONENTROPY(model, prompt)
4: Initialize entropy_list← []
5: output_tokens← [ ]
6: while not end of generation do
7: token, attention_distribution ← GenerateTokenAndGetAttention(model, prompt +

output_tokens)
8: output_tokens.append(token)
9: entropy ← CalculateEntropy(attention_distribution)

10: entropy_list.append(entropy)
11: end while
12: average_entropy ← Average(entropy_list)
13: return average_entropy
14: end procedure
15: function CALCULATEENTROPY(distribution)
16: entropy ← 0
17: for all p in distribution do
18: if p > 0 then
19: entropy ← entropy − p log(p)
20: end if
21: end for
22: return entropy
23: end function


