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Abstract

In this paper, we propose a variety of Long Short-Term Memory (LSTM) based models for sequence tagging. 

These models include LSTM networks, bidirectional LSTM (BI-LSTM) networks, LSTM with a Conditional 

Random Field (CRF) layer (LSTM-CRF) and bidirectional LSTM with a CRF layer (BI-LSTM-CRF). Our work 

is the first to apply a bidirectional LSTM CRF (denoted as BI-LSTM-CRF) model to NLP benchmark sequence 

tagging data sets. We show that the BI-LSTM-CRF model can efficiently use both past and future input features 

thanks to a bidirectional LSTM component. It can also use sentence level tag information thanks to a CRF layer. 

The BI-LSTM-CRF model can produce state of the art (or close to) accuracy on POS, chunking and NER data 

sets. In addition, it is robust and has less dependence on word embedding as compared to previous observations.
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Models

1. RNN Model 2. LSTM Model

3. Bi-LSTM Model 4. Bi-LSTM-CRF Model

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Bidirectional LSTM

2. LSTM Model 3. Bi-LSTM Model
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𝒉

𝒉𝒕 = σ 𝑾
𝒙𝒉
𝒙𝒕 +𝑾

𝒉𝒉
𝒉𝒕+𝟏 + 𝒃

𝒉

𝒚𝒕 = 𝑾
𝒉𝒚
𝒉𝒕 +𝑾

𝒉𝒚
𝒉𝒕 + 𝒃𝒚

(1)

(2)

(3)

tt-1 t+1 t+2
tt-1 t+1 t+2

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Bidirectional LSTM

2. LSTM Model 3. Bi-LSTM Model
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Bidirectional LSTM
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Bidirectional LSTM

2. LSTM Model 3. Bi-LSTM Model
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Bidirectional LSTM

2. LSTM Model 3. Bi-LSTM Model
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Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Bidirectional LSTM-CRF

4. Bi-LSTM-CRF Model

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.



42

Sequence Prediction via Conditional Random Field (CRF)

• x = (새, 가,운다)
• Y = (B_An, O, O)

• x = (삼성,전자, 는, 좋다)
• Y = (B_Com, I, O, O)

• x = (고양이, 는,귀엽다)
• Y = (B_An, O, O)

• x = (오후, 7시, 에,시작한다)
• Y = (B_Time, I, O, O)

• x = (개,좀,안,짖게,해라)
• Y = (B_An, O, O, O, O)

…

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 새, 가,운다)

𝑃 𝐵𝐶𝑜𝑚, 𝐼, 𝑂, 𝑂 삼성,전자, 는, 좋다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 고양이, 는,귀엽다)

𝑃 𝐵𝑇𝑖𝑚𝑒, 𝐼, 𝑂, 𝑂 오후, 7시, 에, 시작한다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂, 𝑂, 𝑂 개, 좀, 안, 짖게, 해라)
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Sequence Prediction via Conditional Random Field (CRF)

• x = (새, 가,운다)
• Y = (B_An, O, O)

• x = (삼성,전자, 는, 좋다)
• Y = (B_Com, I, O, O)

• x = (고양이, 는,귀엽다)
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…
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𝑃 𝐵𝐴𝑛, 𝑂, 𝑂, 𝑂, 𝑂 개, 좀, 안, 짖게, 해라)

X and Y Dependent – CRF

Y and Y Dependent – CRF
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Sequence Prediction via Conditional Random Field (CRF)

• x = (새, 가,운다)
• Y = (B_An, O, O)

• x = (삼성,전자, 는, 좋다)
• Y = (B_Com, I, O, O)

• x = (고양이, 는,귀엽다)
• Y = (B_An, O, O)

• x = (오후, 7시, 에,시작한다)
• Y = (B_Time, I, O, O)

• x = (개,좀,안,짖게,해라)
• Y = (B_An, O, O, O, O)

…

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 새, 가,운다)

𝑃 𝐵𝐶𝑜𝑚, 𝐼, 𝑂, 𝑂 삼성,전자, 는, 좋다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 고양이, 는,귀엽다)

𝑃 𝐵𝑇𝑖𝑚𝑒, 𝐼, 𝑂, 𝑂 오후, 7시, 에, 시작한다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂, 𝑂, 𝑂 개, 좀, 안, 짖게, 해라)

X and X Dependent – Bi-LSTM

X and Y Dependent – Bi-LSTM

X and Y Dependent – CRF

Y and Y Dependent – CRF
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Sequence Prediction via Conditional Random Field (CRF)

• x = (새, 가,운다)
• Y = (B_An, O, O)

• x = (삼성,전자, 는, 좋다)
• Y = (B_Com, I, O, O)

• x = (고양이, 는,귀엽다)
• Y = (B_An, O, O)

• x = (오후, 7시, 에,시작한다)
• Y = (B_Time, I, O, O)

• x = (개,좀,안,짖게,해라)
• Y = (B_An, O, O, O, O)

…

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 새, 가,운다)

𝑃 𝐵𝐶𝑜𝑚, 𝐼, 𝑂, 𝑂 삼성,전자, 는, 좋다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 고양이, 는,귀엽다)

𝑃 𝐵𝑇𝑖𝑚𝑒, 𝐼, 𝑂, 𝑂 오후, 7시, 에, 시작한다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂, 𝑂, 𝑂 개, 좀, 안, 짖게, 해라)

X and X Dependent – Bi-LSTM

X and Y Dependent – Bi-LSTM, CRF

Y and Y Dependent – CRF
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Sequence Prediction via Conditional Random Field (CRF)

• x = (새, 가,운다)
• Y = (B_An, O, O)

• x = (삼성,전자, 는, 좋다)
• Y = (B_Com, I, O, O)

• x = (고양이, 는,귀엽다)
• Y = (B_An, O, O)

• x = (오후, 7시, 에,시작한다)
• Y = (B_Time, I, O, O)

• x = (개,좀,안,짖게,해라)
• Y = (B_An, O, O, O, O)

…

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 새, 가,운다)

𝑃 𝐵𝐶𝑜𝑚, 𝐼, 𝑂, 𝑂 삼성,전자, 는, 좋다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂 고양이, 는,귀엽다)

𝑃 𝐵𝑇𝑖𝑚𝑒, 𝐼, 𝑂, 𝑂 오후, 7시, 에, 시작한다)

𝑃 𝐵𝐴𝑛, 𝑂, 𝑂, 𝑂, 𝑂 개, 좀, 안, 짖게, 해라)

Training



47

Sequence Prediction via Conditional Random Field (CRF)

𝑃 ? , ? , ? , ? 오후, 10시, 에, 축구한다)

𝑃 𝐵𝑇𝑖𝑚𝑒, 𝐼, 𝑂, 𝑂 오후, 10시, 에, 축구한다)

Trained CRF
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Sequence Prediction via Conditional Random Field (CRF)

• Input: x = (𝑥1, … , 𝑥𝑚)

• Predict: y = (𝑦1, … , 𝑦𝑚)
- Each 𝑦𝑖 one of L labels

• P(𝑥𝑖| 𝑦𝑖)

• P(𝑦𝑖| 𝑦𝑖−1)

• P(𝑦1| 𝑦0)

• P(End | 𝑦𝑚) – Not always used

𝑦0 𝑦1 𝑦2 𝑦𝑚 𝑦𝑒𝑛𝑑

𝑥1 𝑥2 𝑥𝑚

…

…
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Sequence Prediction via Conditional Random Field (CRF)

𝑃 𝑦1, … , 𝑦𝑚 𝑥1, … , 𝑥𝑚 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝑃 𝑥𝑗 𝑦𝑗 + 𝑃 𝑦𝑗 𝑦𝑗−1 )
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Sequence Prediction via Conditional Random Field (CRF)

𝑃 𝑦1, … , 𝑦𝑚 𝑥1, … , 𝑥𝑚 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝑃 𝑥𝑗 𝑦𝑗 + 𝑃 𝑦𝑗 𝑦𝑗−1 )

𝑃 𝑦1, 𝑦2, 𝑦3 𝑥1, 𝑥2, 𝑥3
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Sequence Prediction via Conditional Random Field (CRF)

𝑃 𝑦1, … , 𝑦𝑚 𝑥1, … , 𝑥𝑚 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝑃 𝑥𝑗 𝑦𝑗 + 𝑃 𝑦𝑗 𝑦𝑗−1 )

𝑃 𝑦1, 𝑦2, 𝑦3 𝑥1, 𝑥2, 𝑥3 =
1

𝑍(𝑥)
exp

𝑃 𝑥1 𝑦1 + 𝑃 𝑦1 𝑦0 +

𝑃 𝑥2 𝑦2 + 𝑃 𝑦2 𝑦1 +

𝑃 𝑥3 𝑦3 + 𝑃 𝑦3 𝑦2
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Sequence Prediction via Conditional Random Field (CRF)

𝑃 𝑦1, … , 𝑦𝑚 𝑥1, … , 𝑥𝑚 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝑃 𝑥𝑗 𝑦𝑗 + 𝑃 𝑦𝑗 𝑦𝑗−1 )

𝑃 𝑦 𝑥 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝐴𝑦𝑗,𝑦𝑗−1 + 𝑂𝑦𝑗,𝑥𝑗)

𝑍 𝑥 = σ𝑦′∊ 𝑌 exp{𝐹(𝑦
′,x)}  aka “Partition Function”

𝐹 𝑦, 𝑥 = σ𝑗=1
𝑚 (𝐴𝑦𝑗,𝑦𝑗−1 + 𝑂𝑦𝑗,𝑥𝑗)  Scoring function

Scoring transitions Scoring input features

All possible label sequence
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Sequence Prediction via Conditional Random Field (CRF)

• x = “Gonie Sleep”

• y = (B, O)

𝑃 𝑦 𝑥 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝐴𝑦𝑗,𝑦𝑗−1 + 𝑂𝑦𝑗,𝑥𝑗)

𝐴𝐵,∗ 𝐴𝑂,∗

𝐴∗,𝐵 -2 2

𝐴∗,𝑂 1 -2

𝐴∗,𝑠𝑡𝑎𝑟𝑡 1 -1

𝑂𝐵,∗ 𝑂𝑂,∗
𝑂∗,𝐺𝑜𝑛𝑖𝑒 2 1

𝑂∗,𝑆𝑙𝑒𝑒𝑝 1 0

Scoring transitions Scoring input features

𝐴𝑂,𝐵 𝑂𝐵,𝐺𝑜𝑛𝑖𝑒

𝑃 𝐵, 𝑂 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" =
1

𝑍(𝑥)
exp{𝐴𝐵,𝑠𝑡𝑎𝑟𝑡 + 𝐴𝑂,𝐵 + 𝑂𝐵,𝐺𝑜𝑛𝑖𝑒 + 𝑂𝑂,𝑆𝑙𝑒𝑒𝑝} = 

1

𝑍(𝑥)
exp{5} = 0.93

𝑍 𝑥 = 𝑃 𝐵, 𝐵 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" +
𝑃 𝐵, 𝑂 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" +
𝑃 𝑂, 𝐵 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" +
𝑃 𝑂, 𝑂 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝"

𝑍 𝑥 = exp(1 − 2 + 2 + 0)+
exp(1 + 2 + 2 + 0)+
exp(−1 + 1 + 1 + 1)+
exp(−1 − 2 + 1 + 0)

𝑍 𝑥 = 158.65

1 2 2 0
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Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 =
1

𝑍(𝑥)
exp ෍

𝑗=1

𝑚

(𝐴𝑦𝑗,𝑦𝑗−1 + 𝑂𝑦𝑗,𝑥𝑗)

𝑍 𝑥 = σ𝑦′∊ 𝑌 exp{𝐹(𝑦
′,x)}  aka “Partition Function”

𝐹 𝑦, 𝑥 = σ𝑗=1
𝑚 (𝐴𝑦𝑗,𝑦𝑗−1 + 𝑂𝑦𝑗,𝑥𝑗)  Scoring function

Scoring transitions Scoring input features

All possible label sequence

𝑃 𝑦 𝑥 =
exp(𝐹(𝑦, 𝑥))

σ𝑦′∊ 𝑌 exp{𝐹(𝑦
′,x)}
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Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 =
exp(𝐹(𝑦, 𝑥))

σ𝑦′∊ 𝑌 exp{𝐹(𝑦
′,x)}

𝑃 𝑦 𝑥 ;𝑤 =
exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 }

σ𝑦′∊ 𝑌 exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}
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Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 =
exp(𝐹(𝑦, 𝑥))

σ𝑦′∊ 𝑌 exp{𝐹(𝑦
′,x)}

𝑃 𝑦 𝑥 ;𝑤 =
exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 }

σ𝑦′∊ 𝑌 exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}

Weight for given 
scoring function

scoring function 
without weightLength of 

Sequence x

Sum over all 
scoring function

Sum over all 
possible label 

sequence
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Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 ;𝑤 =
exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 }

σ𝑦′∊ 𝑌 exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}
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Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 ;𝑤 =
exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 }

σ𝑦′∊ 𝑌 exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}

log𝑃 𝑦 𝑥 ;𝑤 = σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − log[σ𝑦′∊ 𝑌 𝑒𝑥𝑝{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}]

Gradient ascent !! 



59

Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 ;𝑤 =
exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 }

σ𝑦′∊ 𝑌 exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}

log𝑃 𝑦 𝑥 ;𝑤 = σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − log[σ𝑦′∊ 𝑌 𝑒𝑥𝑝{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}]

Gradient ascent !! 

𝜕

𝜕𝑤𝑖
log𝑃 𝑦 𝑥 ;𝑤 = σ𝑗 𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − σ𝑦′∊ 𝑌𝑃 𝑦′ 𝑥)σ𝑗 𝑓𝑖 𝑦𝑗−1

′ , 𝑦𝑗
′, 𝑥, 𝑖

λ𝑖 = λ𝑖 + α ∙ [σ𝑗 𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − σ𝑦′∊ 𝑌𝑃 𝑦′ 𝑥)σ𝑗 𝑓𝑖 𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖 ]
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Conditional Random Field Parameter Estimation

𝑃 𝑦 𝑥 ;𝑤 =
exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 }

σ𝑦′∊ 𝑌 exp{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}

log𝑃 𝑦 𝑥 ;𝑤 = σ𝑗σ𝑖𝑤𝑖𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − log[σ𝑦′∊ 𝑌 𝑒𝑥𝑝{σ𝑗σ𝑖𝑤𝑖𝑓𝑖(𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖)}]

Gradient ascent !! 

𝜕

𝜕𝑤𝑖
log𝑃 𝑦 𝑥 ;𝑤 = σ𝑗 𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − σ𝑦′∊ 𝑌𝑃 𝑦′ 𝑥)σ𝑗 𝑓𝑖 𝑦𝑗−1

′ , 𝑦𝑗
′, 𝑥, 𝑖

λ𝑖 = λ𝑖 + α ∙ [σ𝑗 𝑓𝑖 𝑦𝑗−1, 𝑦𝑗 , 𝑥, 𝑖 − σ𝑦′∊ 𝑌𝑃 𝑦′ 𝑥)σ𝑗 𝑓𝑖 𝑦𝑗−1
′ , 𝑦𝑗

′, 𝑥, 𝑖 ]

Direction of the gradient

Learning rate

Parameter Estimation !!!
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Conditional Random Field Prediction

𝑎𝑟𝑔max
𝑦∗

𝑃(𝑦|𝑥)

𝑃 𝐵, 𝐵| "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" =
1

𝑍(𝑥)
exp{𝐴𝐵,𝑠𝑡𝑎𝑟𝑡 + 𝐴𝐵,𝐵 + 𝑂𝐵,𝐺𝑜𝑛𝑖𝑒 + 𝑂𝐵,𝑆𝑙𝑒𝑒𝑝} = 

1

𝑍(𝑥)
exp{1} = 0.02

𝑃 𝐵,𝑂 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" =
1

𝑍(𝑥)
exp{𝐴𝐵,𝑠𝑡𝑎𝑟𝑡 + 𝐴𝑂,𝐵 + 𝑂𝐵,𝐺𝑜𝑛𝑖𝑒 + 𝑂𝑂,𝑆𝑙𝑒𝑒𝑝} = 

1

𝑍(𝑥)
exp{5} = 0.93

𝑃 𝑂, 𝐵 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" =
1

𝑍(𝑥)
exp{𝐴𝑂,𝑠𝑡𝑎𝑟𝑡 + 𝐴𝐵,𝑂 + 𝑂𝑂,𝐺𝑜𝑛𝑖𝑒 + 𝑂𝐵,𝑆𝑙𝑒𝑒𝑝} = 

1

𝑍(𝑥)
exp{2} = 0.05

𝑃 𝑂,𝑂 | "𝐺𝑜𝑛𝑖𝑒 𝑆𝑙𝑒𝑒𝑝" =
1

𝑍(𝑥)
exp{𝐴𝑂,𝑠𝑡𝑎𝑟𝑡 + 𝐴𝑂,𝑂 + 𝑂𝑂,𝐺𝑜𝑛𝑖𝑒 + 𝑂𝑂,𝑆𝑙𝑒𝑒𝑝} = 

1

𝑍(𝑥)
exp{−2} = 0.00

𝑎𝑟𝑔max
𝑦∗

𝑃(𝑦|𝑥) = (𝐵, 𝑂)

𝑍 𝑥 = 158.65
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Bidirectional LSTM-CRF

4. Bi-LSTM-CRF Model

𝒉𝒕 = σ 𝑾
𝒙𝒉
𝒙𝒕 +𝑾

𝒉𝒉
𝒉𝒕−𝟏 + 𝒃

𝒉

𝒉𝒕 = σ 𝑾
𝒙𝒉
𝒙𝒕 +𝑾

𝒉𝒉
𝒉𝒕+𝟏 + 𝒃

𝒉

𝒚𝒕 = 𝑾
𝒉𝒚
𝒉𝒕 +𝑾

𝒉𝒚
𝒉𝒕 + 𝒃𝒚

(1)

(2)

(3)

Conditional Random Field

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Bidirectional LSTM-CRF

4. Bi-LSTM-CRF Model

𝒉𝒕 = σ 𝑾
𝒙𝒉
𝒙𝒕 +𝑾

𝒉𝒉
𝒉𝒕−𝟏 + 𝒃

𝒉

𝒉𝒕 = σ 𝑾
𝒙𝒉
𝒙𝒕 +𝑾

𝒉𝒉
𝒉𝒕+𝟏 + 𝒃

𝒉

𝒚𝒕 = σ(𝑾
𝒉𝒚
𝒉𝒕 +𝑾

𝒉𝒚
𝒉𝒕 + 𝒃𝒚)

(1)

(2)

(3)

Conditional Random Field

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Experiment Result

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Experiment Result
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Experiment Result
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