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Figure 7: UMAP visualization of minimal pairs in same categories (terms) but different languages. Linguistic
phenomena are dominantly grouped by their language in multilingual LLMs: English samples are all clustered
within purple-shaded areas. While relevant linguistic phenomena in different languages are not fully overlapped,
LLM does capture some relationships. As indicated by purple arrows, English samples seem to be “attracted” by
the corresponding Chinese samples.

Table 2: Average linguistic similarity of phenomena in
English and Chinese.

BLiMP dataset (English)
Anaphor

Agreement
Polarity

Item
Filler Gap

Dependency
SLING Anaphor Agreement .04853 .00643 -.01850
Dataset Polarity Item .01883 .01783 .00714

(Chinese) Filler Gap Dependency .02735 .01780 .01426

is illustrated by the purple arrows in Figure 7,
which “attracts” English samples to Chinese sam-
ples. Quantitatively, we calculated the average
pair-wise linguistic similarity of the three terms
in BLiMP and SLING. As Table 2, for each term
in English (i.e., each column), the corresponding
Chinese term always enjoys the highest similarity.
This “attraction” pattern suggests that LLMs may
have captured some relationships of these linguis-
tic structures that transcend individual language
boundaries.

Takeaway:

Linguistic phenomena are grouped by lan-
guage in multilingual LLMs. Relevant phe-
nomena in different languages are not fully
overlapped, but their relevance is indeed
being captured.

5 Conclusion

Our comprehensive analysis of linguistic similar-
ity in LLMs, spanning over 100 models and 150k
minimal pairs across three languages, reveals sev-
eral key insights. We found that linguistic simi-
larity consistency across LLMs is strongly influ-

enced by pertaining data, with high-resource lan-
guages showing greater alignment. LLMs’ inter-
nal representations align well with fine-grained lin-
guistic categorizations, but this alignment weakens
at broader levels. The weak correlation between
linguistic and semantic similarities suggests that
LLMs’ representation of linguistic phenomena is
context-dependent. Cross-lingually, while LLMs
tend to group phenomena by language, they do
capture some relationships between relevant phe-
nomena across languages.

These findings contribute to our understanding
of LLMs’ internal language processing, potentially
bridging the gap between neural language models
and linguistic theory. As LLMs continue to ad-
vance, this work provides a foundation for future
research into their linguistic representations, in-
forming model development and offering insights
into both artificial and human language processing.

6 Limitations and Future Works

Our study’s findings are inherently dependent on
the quality and scope of existing linguistic minimal
pair datasets, which may have the possibility of vi-
olating the assumption of having only difference of
individual phenomena. Additionally, our analysis
is limited to three languages, which cannot fully
represent global linguistic diversity. Despite exam-
ining 150 linguistic phenomena, this still captures
only a fraction of language’s complexity. Future
directions include developing more high-quality
minimal pairs, broadening language coverage to
include more diverse linguistic families, and in-
creasing the range of phenomena studied.
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A The List of 104 LLMs

The following is a list of all LLMs that are adopted
in our analysis, grouped by model families:

Llama-2

• NousResearch/Llama-2-7b-chat-hf: Total 33 layers,
4096 neurons per layer. Sampled layers: 5, 11, 16, 22,
27.

• NousResearch/Llama-2-13b-chat-hf: Total 41 lay-
ers, 5120 neurons per layer. Sampled layers: 6, 13, 20,
27, 34.

Llama-3 & Llama-3.1

• meta-llama/Meta-Llama-3-8B: Total 33 layers, 4096
neurons per layer. Sampled layers: 5, 11, 16, 22, 27.

• meta-llama/Meta-Llama-3-8B-Instruct: Total 33
layers, 4096 neurons per layer. Sampled layers: 5, 11,
16, 22, 27.

• meta-llama/Meta-Llama-3.1-8B: Total 33 layers,
4096 neurons per layer. Sampled layers: 5, 11, 16,
22, 27.

• meta-llama/Meta-Llama-3.1-8B-Instruct: Total
33 layers, 4096 neurons per layer. Sampled layers: 5,
11, 16, 22, 27.

Mistral-7B-v0.3

• mistralai/Mistral-7B-v0.3: Total 33 layers, 4096
neurons per layer. Sampled layers: 5, 11, 16, 22, 27.

• mistralai/Mistral-7B-Instruct-v0.3: Total 33
layers, 4096 neurons per layer. Sampled layers: 5, 11,
16, 22, 27.

OLMo

• allenai/OLMo-1B-hf: Total 17 layers, 2048 neurons
per layer. Sampled layers: 2, 5, 8, 11, 14.

• allenai/OLMo-7B-hf: Total 33 layers, 4096 neurons
per layer. Sampled layers: 5, 11, 16, 22, 27.

• allenai/OLMo-7B-Instruct-hf: Total 33 layers,
4096 neurons per layer. Sampled layers: 5, 11, 16,
22, 27.

Qwen, Qwen-1.5, & Qwen-2

• Qwen/Qwen-7B: Total 33 layers, 4096 neurons per layer.
Sampled layers: 5, 11, 16, 22, 27.

• Qwen/Qwen-7B-Chat: Total 33 layers, 4096 neurons
per layer. Sampled layers: 5, 11, 16, 22, 27.

• Qwen/Qwen-14B: Total 41 layers, 5120 neurons per
layer. Sampled layers: 6, 13, 20, 27, 34.

• Qwen/Qwen-14B-Chat: Total 41 layers, 5120 neurons
per layer. Sampled layers: 6, 13, 20, 27, 34.

• Qwen/Qwen1.5-0.5B: Total 25 layers, 1024 neurons per
layer. Sampled layers: 4, 8, 12, 16, 20.

• Qwen/Qwen1.5-0.5B-Chat: Total 25 layers, 1024 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• Qwen/Qwen1.5-1.8B: Total 25 layers, 2048 neurons per
layer. Sampled layers: 4, 8, 12, 16, 20.

• Qwen/Qwen1.5-1.8B-Chat: Total 25 layers, 2048 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• Qwen/Qwen1.5-4B: Total 41 layers, 2560 neurons per
layer. Sampled layers: 6, 13, 20, 27, 34.

• Qwen/Qwen1.5-4B-Chat: Total 41 layers, 2560 neu-
rons per layer. Sampled layers: 6, 13, 20, 27, 34.

• Qwen/Qwen1.5-7B: Total 33 layers, 4096 neurons per
layer. Sampled layers: 5, 11, 16, 22, 27.

• Qwen/Qwen1.5-7B-Chat: Total 33 layers, 4096 neu-
rons per layer. Sampled layers: 5, 11, 16, 22, 27.

• Qwen/Qwen1.5-14B: Total 41 layers, 5120 neurons per
layer. Sampled layers: 6, 13, 20, 27, 34.

• Qwen/Qwen1.5-14B-Chat: Total 41 layers, 5120 neu-
rons per layer. Sampled layers: 6, 13, 20, 27, 34.

• Qwen/Qwen2-0.5B: Total 25 layers, 896 neurons per
layer. Sampled layers: 4, 8, 12, 16, 20.

• Qwen/Qwen2-0.5B-Instruct: Total 25 layers, 896
neurons per layer. Sampled layers: 4, 8, 12, 16, 20.

• Qwen/Qwen2-1.5B: Total 29 layers, 1536 neurons per
layer. Sampled layers: 4, 9, 14, 19, 24.

• Qwen/Qwen2-1.5B-Instruct: Total 29 layers, 1536
neurons per layer. Sampled layers: 4, 9, 14, 19, 24.

• Qwen/Qwen2-7B: Total 29 layers, 3584 neurons per
layer. Sampled layers: 4, 9, 14, 19, 24.

• Qwen/Qwen2-7B-Instruct: Total 29 layers, 3584 neu-
rons per layer. Sampled layers: 4, 9, 14, 19, 24.

SeaLLMs

• SeaLLMs/SeaLLMs-v3-1.5B: Total 29 layers, 1536 neu-
rons per layer. Sampled layers: 4, 9, 14, 19, 24.

• SeaLLMs/SeaLLMs-v3-1.5B-Chat: Total 29 layers,
1536 neurons per layer. Sampled layers: 4, 9, 14, 19,
24.

• SeaLLMs/SeaLLMs-v3-7B: Total 29 layers, 3584 neu-
rons per layer. Sampled layers: 4, 9, 14, 19, 24.

• SeaLLMs/SeaLLMs-v3-7B-Chat: Total 29 layers, 3584
neurons per layer. Sampled layers: 4, 9, 14, 19, 24.

SmolLM

• HuggingFaceTB/SmolLM-135M: Total 31 layers, 576
neurons per layer. Sampled layers: 5, 10, 15, 20, 25.

• HuggingFaceTB/SmolLM-135M-Instruct: Total 31
layers, 576 neurons per layer. Sampled layers: 5, 10, 15,
20, 25.

• HuggingFaceTB/SmolLM-360M: Total 33 layers, 960
neurons per layer. Sampled layers: 5, 11, 16, 22, 27.

• HuggingFaceTB/SmolLM-360M-Instruct: Total 33
layers, 960 neurons per layer. Sampled layers: 5, 11, 16,
22, 27.

https://huggingface.co/NousResearch/Llama-2-7b-chat-hf
https://huggingface.co/NousResearch/Llama-2-13b-chat-hf
https://huggingface.co/meta-llama/Meta-Llama-3-8B
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B-Instruct
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/allenai/OLMo-1B-hf
https://huggingface.co/allenai/OLMo-7B-hf
https://huggingface.co/allenai/OLMo-7B-Instruct-hf
https://huggingface.co/Qwen/Qwen-7B
https://huggingface.co/Qwen/Qwen-7B-Chat
https://huggingface.co/Qwen/Qwen-14B
https://huggingface.co/Qwen/Qwen-14B-Chat
https://huggingface.co/Qwen/Qwen1.5-0.5B
https://huggingface.co/Qwen/Qwen1.5-0.5B-Chat
https://huggingface.co/Qwen/Qwen1.5-1.8B
https://huggingface.co/Qwen/Qwen1.5-1.8B-Chat
https://huggingface.co/Qwen/Qwen1.5-4B
https://huggingface.co/Qwen/Qwen1.5-4B-Chat
https://huggingface.co/Qwen/Qwen1.5-7B
https://huggingface.co/Qwen/Qwen1.5-7B-Chat
https://huggingface.co/Qwen/Qwen1.5-14B
https://huggingface.co/Qwen/Qwen1.5-14B-Chat
https://huggingface.co/Qwen/Qwen2-0.5B
https://huggingface.co/Qwen/Qwen2-0.5B-Instruct
https://huggingface.co/Qwen/Qwen2-1.5B
https://huggingface.co/Qwen/Qwen2-1.5B-Instruct
https://huggingface.co/Qwen/Qwen2-7B
https://huggingface.co/Qwen/Qwen2-7B-Instruct
https://huggingface.co/SeaLLMs/SeaLLMs-v3-1.5B
https://huggingface.co/SeaLLMs/SeaLLMs-v3-1.5B-Chat
https://huggingface.co/SeaLLMs/SeaLLMs-v3-7B
https://huggingface.co/SeaLLMs/SeaLLMs-v3-7B-Chat
https://huggingface.co/HuggingFaceTB/SmolLM-135M
https://huggingface.co/HuggingFaceTB/SmolLM-135M-Instruct
https://huggingface.co/HuggingFaceTB/SmolLM-360M
https://huggingface.co/HuggingFaceTB/SmolLM-360M-Instruct
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• HuggingFaceTB/SmolLM-1.7B: Total 25 layers, 2048
neurons per layer. Sampled layers: 4, 8, 12, 16, 20.

• HuggingFaceTB/SmolLM-1.7B-Instruct: Total 25
layers, 2048 neurons per layer. Sampled layers: 4, 8, 12,
16, 20.

TinyLlama

• TinyLlama/TinyLlama_v1.1: Total 23 layers, 2048
neurons per layer. Sampled layers: 3, 7, 11, 15, 19.

• TinyLlama/TinyLlama_v1.1_chinese: Total 23 lay-
ers, 2048 neurons per layer. Sampled layers: 3, 7, 11,
15, 19.

• TinyLlama/TinyLlama_v1.1_math_code: Total 23
layers, 2048 neurons per layer. Sampled layers: 3, 7, 11,
15, 19.

Yi

• 01-ai/Yi-1.5-6B: Total 33 layers, 4096 neurons per
layer. Sampled layers: 5, 11, 16, 22, 27.

• 01-ai/Yi-1.5-6B-Chat: Total 33 layers, 4096 neu-
rons per layer. Sampled layers: 5, 11, 16, 22, 27.

• 01-ai/Yi-1.5-9B: Total 49 layers, 4096 neurons per
layer. Sampled layers: 8, 16, 24, 32, 40.

• 01-ai/Yi-1.5-9B-Chat: Total 49 layers, 4096 neu-
rons per layer. Sampled layers: 8, 16, 24, 32, 40.

Bloom & Bloomz

• bigscience/bloom-560m: Total 25 layers, 1024 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• bigscience/bloomz-560m: Total 25 layers, 1024 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• bigscience/bloom-1b1: Total 25 layers, 1536 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• bigscience/bloomz-1b1: Total 25 layers, 1536 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• bigscience/bloom-1b7: Total 25 layers, 2048 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• bigscience/bloomz-1b7: Total 25 layers, 2048 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• bigscience/bloom-3b: Total 31 layers, 2560 neurons
per layer. Sampled layers: 5, 10, 15, 20, 25.

• bigscience/bloomz-3b: Total 31 layers, 2560 neu-
rons per layer. Sampled layers: 5, 10, 15, 20, 25.

• bigscience/bloom-7b1: Total 31 layers, 4096 neu-
rons per layer. Sampled layers: 5, 10, 15, 20, 25.

• bigscience/bloomz-7b1: Total 31 layers, 4096 neu-
rons per layer. Sampled layers: 5, 10, 15, 20, 25.

Gemma & Gemma-2

• google/gemma-2b: Total 19 layers, 2048 neurons per
layer. Sampled layers: 3, 6, 9, 12, 15.

• google/gemma-2b-it: Total 19 layers, 2048 neurons
per layer. Sampled layers: 3, 6, 9, 12, 15.

• google/gemma-7b: Total 29 layers, 3072 neurons per
layer. Sampled layers: 4, 9, 14, 19, 24.

• google/gemma-7b-it: Total 29 layers, 3072 neurons
per layer. Sampled layers: 4, 9, 14, 19, 24.

• google/gemma-2-2b: Total 27 layers, 2304 neurons
per layer. Sampled layers: 4, 9, 13, 18, 22.

• google/gemma-2-2b-it: Total 27 layers, 2304 neu-
rons per layer. Sampled layers: 4, 9, 13, 18, 22.

• google/gemma-2-9b: Total 43 layers, 3584 neurons
per layer. Sampled layers: 7, 14, 21, 28, 35.

• google/gemma-2-9b-it: Total 43 layers, 3584 neu-
rons per layer. Sampled layers: 7, 14, 21, 28, 35.

GLM

• THUDM/glm-4-9b: Total 41 layers, 4096 neurons per
layer. Sampled layers: 6, 13, 20, 27, 34.

• THUDM/glm-4-9b-chat: Total 41 layers, 4096 neurons
per layer. Sampled layers: 6, 13, 20, 27, 34.

GPT-Neo

• EleutherAI/gpt-neo-125m: Total 13 layers, 768 neu-
rons per layer. Sampled layers: 2, 4, 6, 8, 10.

• EleutherAI/gpt-neo-1.3B: Total 25 layers, 2048 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• EleutherAI/gpt-neo-2.7B: Total 33 layers, 2560 neu-
rons per layer. Sampled layers: 5, 11, 16, 22, 27.

• EleutherAI/gpt-neox-20B: Total 45 layers, 6144 neu-
rons per layer. Sampled layers: 7, 15, 22, 30, 37.

GPT-2

• openai-community/gpt2: Total 13 layers, 768 neu-
rons per layer. Sampled layers: 2, 4, 6, 8, 10.

• openai-community/gpt2-medium: Total 25 layers,
1024 neurons per layer. Sampled layers: 4, 8, 12, 16,
20.

• openai-community/gpt2-large: Total 37 layers,
1280 neurons per layer. Sampled layers: 6, 12, 18,
24, 30.

• openai-community/gpt2-xl: Total 49 layers, 1600
neurons per layer. Sampled layers: 8, 16, 24, 32, 40.

InternLM-2.5

• internlm/internlm2_5-1_8b: Total 25 layers, 2048
neurons per layer. Sampled layers: 4, 8, 12, 16, 20.

• internlm/internlm2_5-1_8b-chat: Total 25 layers,
2048 neurons per layer. Sampled layers: 4, 8, 12, 16,
20.

• internlm/internlm2_5-7b: Total 33 layers, 4096
neurons per layer. Sampled layers: 5, 11, 16, 22, 27.

• internlm/internlm2_5-7b-chat: Total 33 layers,
4096 neurons per layer. Sampled layers: 5, 11, 16,
22, 27.

• internlm/internlm2_5-20b: Total 49 layers, 6144
neurons per layer. Sampled layers: 8, 16, 24, 32, 40.

https://huggingface.co/HuggingFaceTB/SmolLM-1.7B
https://huggingface.co/HuggingFaceTB/SmolLM-1.7B-Instruct
https://huggingface.co/TinyLlama/TinyLlama_v1.1
https://huggingface.co/TinyLlama/TinyLlama_v1.1_chinese
https://huggingface.co/TinyLlama/TinyLlama_v1.1_math_code
https://huggingface.co/01-ai/Yi-1.5-6B
https://huggingface.co/01-ai/Yi-1.5-6B-Chat
https://huggingface.co/01-ai/Yi-1.5-9B
https://huggingface.co/01-ai/Yi-1.5-9B-Chat
https://huggingface.co/bigscience/bloom-560m
https://huggingface.co/bigscience/bloomz-560m
https://huggingface.co/bigscience/bloom-1b1
https://huggingface.co/bigscience/bloomz-1b1
https://huggingface.co/bigscience/bloom-1b7
https://huggingface.co/bigscience/bloomz-1b7
https://huggingface.co/bigscience/bloom-3b
https://huggingface.co/bigscience/bloomz-3b
https://huggingface.co/bigscience/bloom-7b1
https://huggingface.co/bigscience/bloomz-7b1
https://huggingface.co/google/gemma-2b
https://huggingface.co/google/gemma-2b-it
https://huggingface.co/google/gemma-7b
https://huggingface.co/google/gemma-7b-it
https://huggingface.co/google/gemma-2-2b
https://huggingface.co/google/gemma-2-2b-it
https://huggingface.co/google/gemma-2-9b
https://huggingface.co/google/gemma-2-9b-it
https://huggingface.co/THUDM/glm-4-9b
https://huggingface.co/THUDM/glm-4-9b-chat
https://huggingface.co/EleutherAI/gpt-neo-125m
https://huggingface.co/EleutherAI/gpt-neo-1.3B
https://huggingface.co/EleutherAI/gpt-neo-2.7B
https://huggingface.co/EleutherAI/gpt-neox-20B
https://huggingface.co/openai-community/gpt2
https://huggingface.co/openai-community/gpt2-medium
https://huggingface.co/openai-community/gpt2-large
https://huggingface.co/openai-community/gpt2-xl
https://huggingface.co/internlm/internlm2_5-1_8b
https://huggingface.co/internlm/internlm2_5-1_8b-chat
https://huggingface.co/internlm/internlm2_5-7b
https://huggingface.co/internlm/internlm2_5-7b-chat
https://huggingface.co/internlm/internlm2_5-20b
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• internlm/internlm2_5-20b-chat: Total 49 layers,
6144 neurons per layer. Sampled layers: 8, 16, 24,
32, 40.

OPT
• facebook/opt-125m: Total 13 layers, 768 neurons per

layer. Sampled layers: 2, 4, 6, 8, 10.

• facebook/opt-1.3b: Total 25 layers, 2048 neurons
per layer. Sampled layers: 4, 8, 12, 16, 20.

• facebook/opt-2.7b: Total 33 layers, 2560 neurons
per layer. Sampled layers: 5, 11, 16, 22, 27.

• facebook/opt-6.7b: Total 33 layers, 4096 neurons
per layer. Sampled layers: 5, 11, 16, 22, 27.

• facebook/opt-13b: Total 41 layers, 5120 neurons per
layer. Sampled layers: 6, 13, 20, 27, 34.

Phi
• microsoft/phi-1: Total 25 layers, 2048 neurons per

layer. Sampled layers: 4, 8, 12, 16, 20.

• microsoft/phi-1_5: Total 25 layers, 2048 neurons
per layer. Sampled layers: 4, 8, 12, 16, 20.

• microsoft/phi-2: Total 33 layers, 2560 neurons per
layer. Sampled layers: 5, 11, 16, 22, 27.

• microsoft/Phi-3-mini-128k-instruct: Total 33
layers, 3072 neurons per layer. Sampled layers: 5, 11,
16, 22, 27.

• microsoft/Phi-3-small-128k-instruct: Total 33
layers, 4096 neurons per layer. Sampled layers: 5, 11,
16, 22, 27.

Pythia
• EleutherAI/pythia-1.4b: Total 25 layers, 2048 neu-

rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• EleutherAI/pythia-12b: Total 37 layers, 5120 neu-
rons per layer. Sampled layers: 6, 12, 18, 24, 30.

• EleutherAI/pythia-14m: Total 7 layers, 128 neurons
per layer. Sampled layers: 1, 2, 3, 4, 5.

• EleutherAI/pythia-160m: Total 13 layers, 768 neu-
rons per layer. Sampled layers: 2, 4, 6, 8, 10.

• EleutherAI/pythia-1b: Total 17 layers, 2048 neu-
rons per layer. Sampled layers: 2, 5, 8, 11, 14.

• EleutherAI/pythia-2.8b: Total 33 layers, 2560 neu-
rons per layer. Sampled layers: 5, 11, 16, 22, 27.

• EleutherAI/pythia-410m: Total 25 layers, 1024 neu-
rons per layer. Sampled layers: 4, 8, 12, 16, 20.

• EleutherAI/pythia-6.7b: Total 33 layers, 4096 neu-
rons per layer. Sampled layers: 5, 11, 16, 22, 27.

• EleutherAI/pythia-70m: Total 7 layers, 512 neurons
per layer. Sampled layers: 1, 2, 3, 4, 5.

Others
• anas-awadalla/mpt-1b-redpajama-200b: Total 24

layers, 2048 neurons per layer. Sampled layers: 4, 8, 12,
16, 20.

• CohereForAI/aya-23-8B: Total 33 layers, 4096 neu-
rons per layer. Sampled layers: 5, 11, 16, 22, 27.

• distilbert/distilgpt2: Total 7 layers, 768 neurons
per layer. Sampled layers: 1, 2, 3, 4, 5.

B List of Linguistic Phenomena used in
Section 4.4

BLIMP Dataset (English)

• Anaphor agreement

– anaphor gender agreement

– anaphor number agreement

• Polarity item

– matrix question npi licensor present

– npi present 1

– npi present 2

– only npi licensor present

– only npi scope

– sentential negation npi licensor present

– sentential negation npi scope

• Filler gap dependency

– wh questions object gap

– wh questions subject gap

– wh questions subject gap long distance

– wh vs that no gap

– wh vs that no gap long distance

– wh vs that with gap

– wh vs that with gap long distance

SLING Dataset (Chinese)

• Anaphor agreement

– self male

– cl men self female

– pp male

– baseline male

– baseline cl men female

– baseline cl female

– cl self male

– cl men self male

– self female

– pp female

– baseline cl men male

– menself female

– menself male

– cl self female

– baseline cl male

– baseline female

– baseline men female

– baseline men male

• Polarity item

– any

– more or less

– even wh

• Filler gap dependency

– rc resumptive noun

– rc resumptive pronoun

https://huggingface.co/internlm/internlm2_5-20b-chat
https://huggingface.co/facebook/opt-125m
https://huggingface.co/facebook/opt-1.3b
https://huggingface.co/facebook/opt-2.7b
https://huggingface.co/facebook/opt-6.7b
https://huggingface.co/facebook/opt-13b
https://huggingface.co/microsoft/phi-1
https://huggingface.co/microsoft/phi-1_5
https://huggingface.co/microsoft/phi-2
https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
https://huggingface.co/microsoft/Phi-3-small-128k-instruct
https://huggingface.co/EleutherAI/pythia-1.4b
https://huggingface.co/EleutherAI/pythia-12b
https://huggingface.co/EleutherAI/pythia-14m
https://huggingface.co/EleutherAI/pythia-160m
https://huggingface.co/EleutherAI/pythia-1b
https://huggingface.co/EleutherAI/pythia-2.8b
https://huggingface.co/EleutherAI/pythia-410m
https://huggingface.co/EleutherAI/pythia-6.7b
https://huggingface.co/EleutherAI/pythia-70m
https://huggingface.co/anas-awadalla/mpt-1b-redpajama-200b
https://huggingface.co/CohereForAI/aya-23-8B
https://huggingface.co/distilbert/distilgpt2
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C Additional Visualizations

C.1 Consistency of Linguistic Similarity Across 104 LLMs

Figure 8: Pair-wise alignment scores of 104 LLMs in BLiMP dataset (English), corresponding to Fig. 2 left.
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Figure 9: UMAP visualization based on LLM alignment scores on BLiMP dataset (English), corresponding to
Fig. 2 left.
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Figure 10: Pair-wise alignment scores of 104 LLMs in SLING dataset (Chinese), corresponding to Fig. 2 right.
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Figure 11: UMAP visualization based on LLM alignment scores on SLING dataset (Chinese), corresponding to
Fig. 2 right.
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Figure 12: Pair-wise alignment scores of 104 LLMs in RuBLiMP dataset (Russian).
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Figure 13: UMAP visualization based on LLM alignment scores on RuBLiMP dataset (Russian).
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C.2 Alignment between Linguistic Similarity and Theoretical Categorizations

Figure 14: Self-similarities of linguistic phenomena in English, Chinese, and Russian
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Figure 15: Phenomena-level linguistic similarity matrix of SLING
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Figure 16: Phenomena-level linguistic similarity matrix of RUBLiMP
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C.3 Linguistic Similarity Across Different Languages
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Figure 17: Extended detailed visualization of Fig. 7.


