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Open-domain Dialogues are Persona-sparse

Persona related

Persona related

Non-persona related

Non-persona related

Non-persona related

An example dialogue sampled from the PersonalDialog dataset
5



Problems When Using Persona-dense Data

I need to 
exhibit my 

persona ASAP

Nice to 
meet you

How PERSONA-CHAT is collected

Pre-trained 
GPT

Fine-tune with 
PERSONA-CHAT

I need to 
exhibit my 

persona ASAP

Direct fine-tuning lead to in-coherent responses 
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Any Solution?

• A pre-training-based dialogue model that can utilize persona-

sparse dialogue data

• An attention routing mechanism to control the amount of 

persona-related features to exhibit in the response
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Task Formulization

Inputs:

• Post 𝑋

• Responder's persona profile 𝑇: 𝑘1, 𝑣1 , 𝑘2, 𝑣3 , … , 𝑘𝑁, 𝑣𝑁

Output:

• Response 𝑌, such that

𝑌 = arg max
𝑌∗

𝑃(𝑌∗|𝑋, 𝑇)
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Model: Overview

1

2
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Model: Overview

1

2
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Model: Attribute Embedding

The input representation of the dialogue context 

The input embedding for each token is the sum of

1. A word embedding

2. A positional embedding

3. Attribute embeddings (Gender embeddings, Location embeddings, Tag embeddings) 7



Model:

2
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Model: Attention Routing

8



Model: Attention Routing

The weight predictor and three attention routes

Dynamic Weight predictor

𝛼 = 𝑃𝜃(is persona related|𝐸𝐶)

𝐸𝑇 𝐸𝐶𝐸𝑝𝑟𝑒𝑣

Attention Routes

𝑂𝑇 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝐸𝑝𝑟𝑒𝑣, 𝐸𝑇 , 𝐸𝑇)

𝑂𝑐 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝐸𝑝𝑟𝑒𝑣, 𝐸𝑐 , 𝐸𝑐)

𝑂𝑝𝑟𝑒𝑣 = 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝐸𝑝𝑟𝑒𝑣, 𝐸𝑝𝑟𝑒𝑣, 𝐸𝑝𝑟𝑒𝑣)

𝑂𝑚𝑒𝑟𝑔𝑒 = 𝛼𝑂𝑇 + 1 − 𝛼 𝑂𝐶 + 𝑂𝐶 + 𝑂𝑝𝑟𝑒𝑣
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Model: Loss and Training

Predictor loss: 

Loss:

Language model loss: 

Dialogue model loss: 

𝐿𝑊(𝜃) = −

𝑖

𝑟𝑖 log𝑃𝜃 𝑟𝑖 𝐸𝐶 + 1 − 𝑟𝑖 log[1 − 𝑃𝜃 𝑟𝑖 𝐸𝐶 ]

𝐿𝐿𝑀(𝜙) = −

𝑖

log𝑃𝜙 𝑢𝑖 𝑢𝑖−𝑘 , … , 𝑢𝑖−1

𝐿𝐷(𝜙) = −

𝑖

log𝑃𝜙 𝑢𝑖 𝑢𝑖−𝑘 , … , 𝑢𝑖−1, 𝐸𝐶 , 𝐸𝑇

Training:

• The encoder and decoder share a same set of parameters

• Parameters are initialized using a pretrained GPT model

Total loss: 𝐿 𝜙, 𝜃 = 𝐿𝐷 𝜙 + 𝜆1𝐿𝐿𝑀 𝜙 + 𝜆2𝐿𝑊(𝜃)
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Dataset: PersonalDialog

1. Three persona attributes were approached (“Gender”, “Location”, and “Interest Tags”)

2. Two test sets are used: a random test set and a biased test set
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Automatic Evaluation
Metric: 

(1) Persona Accuracy, (2) BLEU, (3) F1, (4) Distinct
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Manual Evaluation
Metric: 

(1) Utterance Fluency, (2) Persona Consistency, (3) Context Coherency
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Effect of 𝛼
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Conclusion

• Our model can produce coherent and persona-consistent responses

• The dynamic routing mechanism helps to utilize persona-sparse dialogues

• There are trade-offs between persona consistency and context coherency
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NLU中的异常输入检测(Out-of-Domain Detection)

“把相册吃掉”
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Threshold-based method

Input Utterance OOD Score

Reject

Accept

Score ≤ 𝜂

Score > 𝜂
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Threshold-based method

Basic solution: Use the maximum value of the Softmax outputs

𝑆𝑐𝑜𝑟𝑒(𝑥) = 𝑚𝑎𝑥
ሽ𝑖∈{1,2,…,𝑚
𝑃𝜃 𝑦 = 𝑙𝑖 𝑥

Advanced solution: Use an entropy regularization term

)ℒ𝑐𝑙𝑠(𝜃) = ℒ𝑐𝑒(𝜃) + 𝛼ℒ𝑒𝑛𝑡(𝜃

ℒ𝑐𝑒(𝜃) = 𝔼
൫𝑥𝑖,𝑦𝑖)∼𝒫𝑖𝑛𝑑

[ − 𝑙𝑜𝑔𝑃𝜃 𝑦 = 𝑦𝑖 𝑥𝑖 ]

ℒ𝑒𝑛𝑡(𝜃) = 𝔼
ො𝑥∼𝒫𝑜𝑜𝑑

[ − ℋ 𝑃𝜃 𝑦 ො𝑥 ]
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How to obtain OOD samples? 

1. Autoencoder

2. Adversarial Generation Module

3. Auxiliary Classifier
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How to obtain OOD samples? 

1. Autoencoder

)ℒ𝑟𝑒𝑐(𝜙, 𝜓 = 𝔼
)𝜖∼𝒩(0,𝐈

𝔼
𝑥∼𝒫𝑖𝑛𝑑

[ − lo g 𝑃𝜓 𝑥 𝑧 + 𝜖 ]

= 𝔼
)𝜖∼𝒩(0,𝐈

𝔼
𝑥∼𝒫𝑖𝑛𝑑

[ − lo g 𝑃𝜓 𝑥 Enc𝜙 𝑥 + 𝜖 ]

൯𝑧 = Enc𝜙(𝑥
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How to obtain OOD samples? 

2. Adversarial Generation Module

൯ǁ𝑧 = 𝐺𝜉(𝜖

ℒ𝑔(𝜉) = 𝔼
𝜖∼𝒩

[ − 𝐷𝜂 𝐺𝜉 𝜖

ℒ𝑑(𝜂) = 𝔼
𝜖∼𝒩

[ 𝐷𝜂(𝐺𝜉(𝜖)] − 𝔼
𝑥∼𝒫𝑖𝑛𝑑

[ 𝐷𝜂(Enc𝜙(𝑥))]
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How to obtain OOD samples? 

3. Auxiliary Classifier
ℒ′𝑐𝑒(𝜔) = 𝔼

(𝑥𝑖,𝑦𝑖)∼𝒫𝑖𝑛𝑑,

൯𝑥𝑖
′∼𝑃𝜓(𝑥|Enc𝜙(𝑥𝑖)

[ − 𝑙𝑜𝑔𝑃𝜔 𝑦 = 𝑦𝑖 𝑥𝑖
′ ]

ℒ′𝑒𝑛𝑡(𝜉) = 𝔼
𝜖∼𝑁,

൯𝑥′∼𝑃𝜓(𝑥|𝐺𝜉(𝜖)

[ −ℋ(𝑃𝜔(𝑦| 𝑥
′))]
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Experiments

Datasets

Results on OSQ dataset
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Experiments

Results on IPA dataset (harder setting) Results on IPA dataset (easier setting)
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Experiments

ROC curve on IPA dataset ROC curve on OSQ dataset
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Experiments
OOD score distribution on IPA dataset OOD score distribution on OSQ dataset
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Experiments
Feature visualization on OSQ dataset Samples of generated OOD utterances
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Conclusion

• Our model can produce more effective pseudo OOD samples

• The pseudo OOD samples generated by the proposed POG model can be 

used to improve the OOD detection performance

• The performance on IND samples is not affected
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