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大規模言語モデル(LLM)の進展

2https://www.microsoft.com/en-us/research/blog/using-deepspeed-and-megatron-to-train-megatron-turing-nlg-530b-the-
worlds-largest-and-most-powerful-generative-language-model/
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人間の勉強過程 計算機の学習過程



日本語言語理解ベンチマークJGLUE (v1)
• GLUEやSuperGLUEのタスクを広くカバーするように構成
•構築にはYahoo!クラウドソーシングを利用
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タスク データセット train dev test

文章分類
MARC-ja 187,528 5,654 5,639
JCoLA [染谷+ 2022] - - -

文ペア分類
JSTS 12,451 1,457 1,589
JNLI 20,073 2,434 2,508

QA
JSQuAD 62,859 4,442 4,420
JCommonsenseQA 8,939 1,119 1,118

[栗原+ 2022] [栗原+ 2023]

https://github.com/yahoojapan/JGLUEヤフー・早大共同研究

https://www.anlp.jp/proceedings/annual_meeting/2022/pdf_dir/E8-4.pdf
https://doi.org/10.5715/jnlp.30.63
https://github.com/yahoojapan/JGLUE


クラウドソーシングでの回答
positive: 0, negative: 10

JGLUEデータ例 (1/2)
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色も履き心地も最高です。私の場合は夏場の船
釣りに使っています。

MARC-ja JSTS/JNLI

文1: 街中の道路を大きなバスが走っています。
文2: 道路を大きなバスが走っています。

positive

何このSDカードデーター移せないしコマンドで調
べたらエラー出るしこれはない

negative

単純に一週間の天気を知りたいのであればこれ
で十分。だがこの程度で有料はいかがなものか

positive → negative

類似度: 4.4, 推論関係: entailment 

文1: テーブルに料理がならべられています。
文2: テーブルに食べかけの料理があります。

類似度: 3.0, 推論関係: neutral

文1: 野球選手がバットをスイングしています。
文2: 野球選手がキャッチボールをしています。

類似度: 2.0, 推論関係: contradiction



JGLUEデータ例 (2/2)
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[タイトル] 東海道新幹線
1987年（昭和62年）4月1日の国鉄分割民営化により、
JR東海が運営を継承した。西日本旅客鉄道（JR西日
本）が継承した山陽新幹線とは相互乗り入れが行わ
れており、東海道新幹線区間のみで運転される列車
にもJR西日本所有の車両が使用されることがある。
2020年（令和2年）3月現在、東京駅 -新大阪駅間の
所要時間は最速2時間21分最高速度285km/hで運行
されている。

質問: 2020年、東京〜新大阪間の最速の所要時間は
答え: 2時間21分

質問: 東海道新幹線と相互乗り入れがされている路
線はどこか？
答え: 山陽新幹線

JSQuAD JCommonsenseQA
問題:    会社の最高責任者を何というか？
選択肢: 教師, 部長, 社長, 部下, バイト

問題:    スープを飲む時に使う道具は？
選択肢: スプーン, メニュー, 皿, フォーク, はし



LLMの分類

7Input: sentence in source language

Output: next word in target language

I              am             aju suis        étudiant

student

Words previously generated

https://jalammar.github.io/illustrated-transformer/

6 layers
6 layers

エンコーダ・デコーダ (T5など)

Attention in 
source language

Attention in 
target language

Attention between source 
and target languages

… …

エンコーダ (BERT系) デコーダ (GPT系)

https://jalammar.github.io/illustrated-transformer/


nlp-wasedaモデル群
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https://huggingface.co/nlp-waseda

https://huggingface.co/nlp-waseda


nlp-waseda/roberta-{base, large}-japanese

• モデル
– base: 110Mパラメータ
– large: 330Mパラメータ

• 事前学習テキスト (約10Bトークン)
–日本語Wikipedia + CC-100日本語部分

• 計算資源
– ABCI Aノード x 1 (A100 x 8)
• base: 1週間 (500ポイント)
• large: 2週間 (1,000ポイント)
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※試行錯誤が必要で、実際には
3倍程度のポイントを使用



日本語を入力できるLLMの
最大コンテキスト長
•エンコーダ
• BERT: 512トークン
• RoBERTa: 512トークン
• LUKE: 512トークン
• DeBERTa: 512トークン
• BigBird: 4,096トークン

•デコーダ
• GPT: 512トークン
• GPT-2: 1,024トークン
• GPT-3: 2,048トークン
• GPT-3.5: 4,096トークン
• GPT-4: 8,192トークン
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長文の文章読解や抽出型要約に必要



ABCIグランドチャレンジ2022 (1/2)

• 日本語BigBirdの学習
–長い系列(4,096トークン)の入力に対応したモデル [Zaheer+ 2020]
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(a) Random attention (b) Window attention (c) Global Attention (d) BIGBIRD

Figure 1: Building blocks of the attention mechanism used in BIGBIRD. White color indicates absence
of attention. (a) random attention with r = 2, (b) sliding window attention with w = 3 (c) global
attention with g = 2. (d) the combined BIGBIRD model.

Ye et al. [103] proposed binary partitions of the data where as Qiu et al. [73] reduced complexity by
using block sparsity. Recently, Longformer [8] introduced a localized sliding window based mask with
few global mask to reduce computation and extended BERT to longer sequence based tasks. Finally,
our work is closely related to and built on the work of Extended Transformers Construction [4].
This work was designed to encode structure in text for transformers. The idea of global tokens was
used extensively by them to achieve their goals. Our theoretical work can be seen as providing
a justification for the success of these models as well. It is important to note that most of the
aforementioned methods are heuristic based and empirically are not as versatile and robust as the
original transformer, i.e. the same architecture do not attain SoTA on multiple standard benchmarks.
(There is one exception of Longformer which we include in all our comparisons, see App. E.3 for a
more detailed comparison). Moreover, these approximations do not come with theoretical guarantees.

2 BIGBIRD Architecture

In this section, we describe the BIGBIRD model using the generalised attention mechanism that
is used in each layer of transformer operating on an input sequence X = (x1, ...,xn) 2 Rn⇥d.
The generalized attention mechanism is described by a directed graph D whose vertex set is [n] =
{1, . . . , n}. The set of arcs (directed edges) represent the set of inner products that the attention
mechanism will consider. Let N(i) denote the out-neighbors set of node i in D, then the ith output
vector of the generalized attention mechanism is defined as

ATTND(X)i = xi +
HX

h=1

�
⇣
Qh(xi)Kh(XN(i))

T

⌘
· Vh(XN(i)) (AT)

where Qh,Kh : Rd ! Rm are query and key functions respectively, Vh : Rd ! Rd is a value
function, � is a scoring function (e.g. softmax or hardmax) and H denotes the number of heads. Also
note XN(i) corresponds to the matrix formed by only stacking {xj : j 2 N(i)} and not all the inputs.
If D is the complete digraph, we recover the full quadratic attention mechanism of Vaswani et al.
[91]. To simplify our exposition, we will operate on the adjacency matrix A of the graph D even
though the underlying graph maybe sparse. To elaborate, A 2 [0, 1]n⇥n with A(i, j) = 1 if query
i attends to key j and is zero otherwise. For example, when A is the ones matrix (as in BERT), it
leads to quadratic complexity, since all tokens attend on every other token. This view of self-attention
as a fully connected graph allows us to exploit existing graph theory to help reduce its complexity.
The problem of reducing the quadratic complexity of self-attention can now be seen as a graph
sparsification problem. It is well-known that random graphs are expanders and can approximate
complete graphs in a number of different contexts including in their spectral properties [80, 38]. We
believe sparse random graph for attention mechanism should have two desiderata: small average path
length between nodes and a notion of locality, each of which we discuss below.

Let us consider the simplest random graph construction, known as Erdős-Rényi model, where each
edge is independently chosen with a fixed probability. In such a random graph with just ⇥̃(n)
edges, the shortest path between any two nodes is logarithmic in the number of nodes [17, 43]. As
a consequence, such a random graph approximates the complete graph spectrally and its second
eigenvalue (of the adjacency matrix) is quite far from the first eigenvalue [9, 10, 6]. This property
leads to a rapid mixing time for random walks in the grpah, which informally suggests that information
can flow fast between any pair of nodes. Thus, we propose a sparse attention where each query attends
over r random number of keys i.e. A(i, ·) = 1 for r randomly chosen keys (see Fig. 1a).
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(a) Random attention (b) Window attention (c) Global Attention (d) BIGBIRD

Figure 1: Building blocks of the attention mechanism used in BIGBIRD. White color indicates absence
of attention. (a) random attention with r = 2, (b) sliding window attention with w = 3 (c) global
attention with g = 2. (d) the combined BIGBIRD model.

Ye et al. [103] proposed binary partitions of the data where as Qiu et al. [73] reduced complexity by
using block sparsity. Recently, Longformer [8] introduced a localized sliding window based mask with
few global mask to reduce computation and extended BERT to longer sequence based tasks. Finally,
our work is closely related to and built on the work of Extended Transformers Construction [4].
This work was designed to encode structure in text for transformers. The idea of global tokens was
used extensively by them to achieve their goals. Our theoretical work can be seen as providing
a justification for the success of these models as well. It is important to note that most of the
aforementioned methods are heuristic based and empirically are not as versatile and robust as the
original transformer, i.e. the same architecture do not attain SoTA on multiple standard benchmarks.
(There is one exception of Longformer which we include in all our comparisons, see App. E.3 for a
more detailed comparison). Moreover, these approximations do not come with theoretical guarantees.

2 BIGBIRD Architecture

In this section, we describe the BIGBIRD model using the generalised attention mechanism that
is used in each layer of transformer operating on an input sequence X = (x1, ...,xn) 2 Rn⇥d.
The generalized attention mechanism is described by a directed graph D whose vertex set is [n] =
{1, . . . , n}. The set of arcs (directed edges) represent the set of inner products that the attention
mechanism will consider. Let N(i) denote the out-neighbors set of node i in D, then the ith output
vector of the generalized attention mechanism is defined as

ATTND(X)i = xi +
HX

h=1

�
⇣
Qh(xi)Kh(XN(i))

T

⌘
· Vh(XN(i)) (AT)

where Qh,Kh : Rd ! Rm are query and key functions respectively, Vh : Rd ! Rd is a value
function, � is a scoring function (e.g. softmax or hardmax) and H denotes the number of heads. Also
note XN(i) corresponds to the matrix formed by only stacking {xj : j 2 N(i)} and not all the inputs.
If D is the complete digraph, we recover the full quadratic attention mechanism of Vaswani et al.
[91]. To simplify our exposition, we will operate on the adjacency matrix A of the graph D even
though the underlying graph maybe sparse. To elaborate, A 2 [0, 1]n⇥n with A(i, j) = 1 if query
i attends to key j and is zero otherwise. For example, when A is the ones matrix (as in BERT), it
leads to quadratic complexity, since all tokens attend on every other token. This view of self-attention
as a fully connected graph allows us to exploit existing graph theory to help reduce its complexity.
The problem of reducing the quadratic complexity of self-attention can now be seen as a graph
sparsification problem. It is well-known that random graphs are expanders and can approximate
complete graphs in a number of different contexts including in their spectral properties [80, 38]. We
believe sparse random graph for attention mechanism should have two desiderata: small average path
length between nodes and a notion of locality, each of which we discuss below.

Let us consider the simplest random graph construction, known as Erdős-Rényi model, where each
edge is independently chosen with a fixed probability. In such a random graph with just ⇥̃(n)
edges, the shortest path between any two nodes is logarithmic in the number of nodes [17, 43]. As
a consequence, such a random graph approximates the complete graph spectrally and its second
eigenvalue (of the adjacency matrix) is quite far from the first eigenvalue [9, 10, 6]. This property
leads to a rapid mixing time for random walks in the grpah, which informally suggests that information
can flow fast between any pair of nodes. Thus, we propose a sparse attention where each query attends
over r random number of keys i.e. A(i, ·) = 1 for r randomly chosen keys (see Fig. 1a).
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ABCIグランドチャレンジ2022 (1/2)

• 日本語BigBirdの学習
–長い系列(4,096トークン)の入力に対応したモデル [Zaheer+ 2020]
– baseサイズ (110Mパラメータ)

• 事前学習テキスト (約48Bトークン)
–日本語Wikipedia + CC-100日本語部分 + OSCAR日本語部分

• 計算資源
– ABCI Aノード x 120 (A100 x 960), 24時間
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ABCIグランドチャレンジ2022 (2/2)

• 結果: 失敗
–リハーサルでは起きなかった様々なエラーが発生
• ファイルディスクリプタ不足
• DeepSpeed CPUオフロードのエラー

–想定よりスケールしなかった
• Hugging Face + DeepSpeedではスケールしない?

• その後
– ABCI Aノード x 2 (A100 x 16), 2週間で学習を完了
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MARC-ja
(acc)

JSTS
(Pearson)

JNLI
(acc)

JSQuAD
(F1)

JComQA
(acc)

(人間) 0.989 0.899 0.925 0.944 0.986
東北大 BERTBASE 0.958 0.909 0.899 0.941 0.808
東北大 BERTBASE (文字) 0.956 0.893 0.892 0.937 0.718
NICT BERTBASE 0.958 0.910 0.902 0.947 0.823
早稲田大 RoBERTaBASE 0.962 0.913 0.895 0.927 0.840
早稲田大 BigBirdBASE 0.959 0.888 0.896 0.933 0.787
Studio Ousia LUKEBASE* 0.965 0.916 0.912 - 0.842
京大 DeBERTaBASE* 0.970 0.922 0.922 0.951 0.873
東北大 BERTLARGE 0.955 0.913 0.900 0.946 0.816
早稲田大 RoBERTaLARGE (s512) 0.961 0.926 0.926 0.963 0.891
Studio Ousia LUKELARGE* 0.965 0.932 0.927 - 0.893
京大 DeBERTaLARGE* 0.968 0.925 0.924 0.959 0.890

日本語(大規模)言語モデルとその性能

* http://huggingface.co/にある各モデルの記述より

http://huggingface.co/


言語理解ベンチマークの改良に向けて
•より難易度の高いベンチマークの構築: JGLUE v2
• cf. SuperGLUE [Wang+ 2019]
• machine-in-the-loopによるデータセット改良

• JCommonsenseQA 2.0: 計算機と人の協働による常識推論データセットの改良
[栗原+ 2023]

•より専門性の高いベンチマークの構築
• cf. MMLU [Hendrycks+ 2021]

• 数学、物理、法学、歴史など57ジャンルの4択問題
• 大学院進学適性試験(GRE)、米国医師免許試験などを含む

• GPT-3: 44% (2020) → Flan-PaLM+CoT: 75% (2022) → GPT-4: 86% (2023)

• LLMの生成性能を評価するベンチマークの検討
15



大規模な日本語モデル構築・共有のための
プラットフォームの形成 (相澤彰子先生代表)
• 学際大規模情報基盤共同利用・共同研究拠点(JHPCN)
共同研究採択課題(2022, 2023)
–「データ活用社会創成プラットフォームmdx」利用

• 構築したモデル
– nlp-waseda/gpt2-xl-japanese
• GPT-2 1.5B: A100 x 8, 2.5か月

– ku-nlp/deberta-v2-{base, large}-japanese [植田 JLR2023]
• DeBERTa base: A100 x 8, 3週間
• DeBERTa large: A100 x 8, 5週間
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https://llm-jp.nii.ac.jp/

https://llm-jp.nii.ac.jp/
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