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1. INTRODUCTION TO QA
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What is QA?

Question Answer
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What is QA?
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Why is QA important?

• Ideal testbed to evaluate the natural language understanding of AI systems

• Makes the knowledge of the world accessible

Q: Is it true that the 

Rodney King riots took 

place in the most 

populous county in the 

USA?

Fact Verification

The room was 

very comfortable.

Q: Is the sentiment positive?

Q: What is the sentiment?

Sentiment Analysis

FEVER: a Large-scale Dataset for Fact Extraction and VERification (Thorne et al., NAACL 2018)

• Many other NLP tasks can be modeled as QA

https://aclanthology.org/N18-1074
https://aclanthology.org/N18-1074
https://aclanthology.org/N18-1074
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QA Types

• Extractive QA (a.k.a. Machine Reading Question Answering)

• Multiple-Choice QA

• Open Domain QA (a.k.a. Open Retrieval)

• Visual QA

• And many others
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Extractive QA

The answer is a contiguous span of the text 

SQuAD: 100,000+ Questions for Machine Comprehension of Text (Rajpurkar et al., EMNLP 2016)

(Question , Passage) → A

* The passage is sometimes called context

https://aclanthology.org/D16-1264
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Multiple-Choice QA

Social IQa: Commonsense Reasoning about Social Interactions (Sap et al., EMNLP 2019)

(Question, Passage, Opt1, …, Optk) → A

https://aclanthology.org/D19-1454
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Open Domain Question Answering

Reading Wikipedia to Answer Open-Domain Questions (Chen et al., ACL 2017)

Question → Answer

https://aclanthology.org/P17-1171
https://aclanthology.org/P17-1171
https://aclanthology.org/P17-1171
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Visual QA

(Q, Img) → A
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2. QA MODELS
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BERT for QA

qa_outputs

ො𝑦𝑠𝑡 ∈ ℝ𝑀×1; ො𝑦𝑒𝑛𝑑 ∈ ℝ𝑀×1

BERT: Pre-training of Deep Bidirectional Transformers for 

Language Understanding (Devlin et al., NAACL 2019) 

https://aclanthology.org/N19-1423
https://aclanthology.org/N19-1423
https://aclanthology.org/N19-1423
https://aclanthology.org/N19-1423
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How to Evaluate the Performance?

Exact Match (EM)

• Clean the prediction and label

▪ Lowercase

▪ Remove punctuation

▪ Remove articles

▪ Fix white spaces

• Prediction == label

F1

• Harmonic mean of the token 

overlap between the prediction and 

the label

• F1(“Hello”, “Hello World”) = 0.666

• Token = white-space tokens

• Also, cleans the prediction and 

label
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HOW GOOD ARE THE MODELS?

Is QA solved yet?
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QA is not solved yet!

What do Models Learn from Question Answering Datasets? (Sen & Saffari, EMNLP 2020)

Training in one dataset does not generalize to others

BERT Base uncased

https://aclanthology.org/2020.emnlp-main.190
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QA Generalization

Multi-Dataset Models

• Train a model on many datasets

Multi-Agent Models

• Combine many models
Q: How many people did the gunman kill?

Context: “...it could result in a gunfight and 

then we might have 23 people killed instead of eight.”

MetaQA

eight

Q
A: 23

Conf: 0.64

Agent

Q, Context

A: eight

Conf: 0.47

Agent

Q, Context

A: eight

Conf: 0.98

Agent

Q, Context

…

…

Q, Context

SQuAD, HotpotQA, Natural Questions, …

MetaQA: Combining Expert Agents for Multi-Skill Question Answering (Puerto et al., 

Arxiv 2021)

UNIFIEDQA: Crossing Format Boundaries with a Single QA System (Khashabi et al., Findings 

2020)

https://aclanthology.org/2020.findings-emnlp.171
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MetaQA

• Multi-Task Objective

• Agent Selection

• Answer Selection

• Agent Collaboration
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Leave-One-Out Ablation

• OOD MetaQA outperforms OOD UnifiedQA by 8.45 in F1

• OOD MetaQA outperforms in-domain UnifiedQA in 4 datasets

• MetaQA outperforms UnifiedQA by 8.89 in F1

SQuAD F1 metric

…
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3. EXPLAINABILITY IN QA
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What is Explainability?

• Fundamental questions in XQA (explainable QA)

1. Why did the QA system choose this answer?

2. Why did not the QA system answer something else?

3. When did the QA system succeed?

4. When did the QA system fail?

5. When does the QA system give enough confidence in the answer that you can trust?

6. How can the QA system correct an error?

Shekarpour, S., & Alshargi, F. (2019). A Road-map Towards Explainable Question 

Answering A Solution for Information Pollution. arXiv preprint arXiv:1907.02606.

Explainability is stating “how/why” the model gives a prediction
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Why do we need it?

• Allows us to trust the prediction

• Can help us identify wrong predictions

• Sometimes, a prediction alone usually is not useful

• Eg: Medical QA

I’m coughing 

and I have 

sore throat

You have 

covid

Why?
…

Icons from flaticon.com
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Explainability in QA

• Gradient-based Methods

• Attention-based Methods

Saliency Maps

• Minimum Functionality Tests

• Invariance Tests

Behavioral Tests
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Saliency Maps

• Inspired by computer vision

• Draw a map that shows the pixels 

that support the prediction of the 

class

Simonyan, K., Vedaldi, A., & Zisserman, A. (2013). Deep inside convolutional 
networks: Visualising image classification models and saliency maps. arXiv preprint 
arXiv:1312.6034.

Applicable to all neural 

networks
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Saliency Maps in QA

https://demo.allennlp.org/reading-comprehension/bidaf-elmo
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Saliency Maps, how to compute them?

• Vanilla Gradients [1]

• Integrated Gradients [2]

• SmoothGrad [3]

Gradient-based Methods

• Attention Weights

• Scaled Attention [4]

Attention-based Methods

[1] Deep inside convolutional networks: Visualising image classification models and saliency maps (Simonyan et al., arXiv 2013)
[2] Axiomatic attribution for deep networks (Sundararajan et al., PMLR 2017)
[3] Smoothgrad: removing noise by adding noise (Smilkov et al., arXiv 2017)

[4] Is Attention Interpretable? (Serrano & Smith, ACL 2019)
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Gradient-based Saliency Maps

What weights should be changed to minimize the loss

What weights should be changed to minimize the loss = to maximize the 

selection of the prediction

Large gradient in a word → changing the word has a big effect on the prediction

What if we use the output prediction as label and compute the loss? 

Then, what is telling us the gradient?

What does the gradient tell us?
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Saliency Maps in QA

https://demo.allennlp.org/reading-comprehension/bidaf-elmo
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Attention-based Saliency Maps

• Attention calculates a distribution 

over inputs

• It can naturally show the importance 

of the inputs

https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t. i
pynb#scrollTo=OJKU36QAfqOC

https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb#scrollTo=OJKU36QAfqOC
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb#scrollTo=OJKU36QAfqOC
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Attention-based Saliency Maps

• In QA, use the [CLS] attention 

weights [1]

• However, attention is highly 

inconsistent and may not necessarily 

correspond to importance [1,2]

• Scaled Attention:

• Attention Scores x Gradient

[1] Is Attention Interpretable? (Serrano & Smith, ACL 2019)

[2] Attention is not Explanation (Jain & Wallace, NAACL 2019)

https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t. i
pynb#scrollTo=OJKU36QAfqOC

https://aclanthology.org/P19-1282
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb#scrollTo=OJKU36QAfqOC
https://aclanthology.org/N19-1357
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb#scrollTo=OJKU36QAfqOC
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb#scrollTo=OJKU36QAfqOC


30.05.2026  |  Computer Science Dept. |  UKP Lab - Prof. Iryna Gurevych  |  Haritz Puerto  31

Behavioral Testing

Validates the input-output 
behavior w/o knowing the 
model internals

List of questions and 
answers that evaluates 
the behavior of a model

Multiple types of tests

• Minimum Functionality Tests

• Invariance

Icons created by Freepik - Flaticon
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4. NEUROSYMBOLIC QA

Graph + Text
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Neurosymbolic QA

QA-GNN: Reasoning with Language Models and Knowledge Graphs for Question Answering (Yasunaga et al., NAACL 2021)

LM:

• Broad coverage of knowledge

• Struggle on structured reasoning

KG:

• Incomplete

• Suited for structured reasoning

https://aclanthology.org/2021.naacl-main.45
https://aclanthology.org/2021.naacl-main.45
https://aclanthology.org/2021.naacl-main.45
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Graph-based Explainability
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5. UKP-SQUARE

Software for Question Answering Research
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Speed of Research is Overwhelming

• Explosion of QA datasets [1] and 

models

[1] Rogers, A., Gardner, M., & Augenstein, I. (2021). QA dataset explosion: A 

taxonomy of nlp resources for question answering and reading comprehension. arXiv

preprint arXiv:2107.12708.

Where to start?

Icon from flaticon.com

• Super fast progress

• Electra outperformed AlBERT

on SQuAD 2.0 after 10 days [2]

[2] https://rajpurkar.github.io/SQuAD-explorer/

https://huggingface.co/models?pipeline_tag=question-answering&sort=downloads

https://huggingface.co/models?pipeline_tag=question-answering&sort=downloads
https://huggingface.co/models?pipeline_tag=question-answering&sort=downloads
https://huggingface.co/models?pipeline_tag=question-answering&sort=downloads
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QA Frameworks Are Slow for Exploring 

Research Questions

Learning new APIs

Configurations and setups in your own 
hardware

Don’t include pretrained models ready to 
compare

Don’t include explainability and visualization 
tools

Data icons created by Freepik - Flaticon
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UKP-SQuARE: Single Entry Point for QA

Common interface

Easy analysis of the strengths, 
weaknesses, and biases

Common explainability
methods

Running on the browser (no 
configurations, no installations)

Re-use data sources

Easy to deploy new models

Dozens of models available

Icons created by Freepik - Flaticon

https://square.ukp.informatik.tu-darmstadt.de/ 

https://square.ukp.informatik.tu-darmstadt.de/
https://square.ukp.informatik.tu-darmstadt.de/
https://square.ukp.informatik.tu-darmstadt.de/
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Future Work in UKP-SQuARE

Saliency Maps for Explainability

https://demo.allennlp.org/reading-comprehension/bidaf-elmo

Fact Verification

• Multi-modal (Graphs + Text)

• Multi-skill (multiple agents)

• Explainable

Novel Neurosymbolic QA models

SQuARE as a Multi-Agent QA System
Agent Agent Agent

…

https://demo.allennlp.org/reading-comprehension/bidaf-elmo
https://demo.allennlp.org/reading-comprehension/bidaf-elmo
https://demo.allennlp.org/reading-comprehension/bidaf-elmo
https://demo.allennlp.org/reading-comprehension/bidaf-elmo
https://demo.allennlp.org/reading-comprehension/bidaf-elmo


30.05.2026  |  Computer Science Dept. |  UKP Lab - Prof. Iryna Gurevych  |  Haritz Puerto  40

Thank You!

gurevych@ukp.informatik.

tu-darmstadt.de

puerto@ukp.informatik.

tu-darmstadt.de

ukp-lab.de

square.ukp.informatik.tu-darmstadt.de

mailto:gurevych@ukp.informatik.tu-darmstadt.de
mailto:gurevych@ukp.informatik.tu-darmstadt.de
mailto:gurevych@ukp.informatik.tu-darmstadt.de
mailto:gurevych@ukp.informatik.tu-darmstadt.de
mailto:puerto@ukp.informatik.tu-darmstadt.de
mailto:puerto@ukp.informatik.tu-darmstadt.de
mailto:puerto@ukp.informatik.tu-darmstadt.de
mailto:puerto@ukp.informatik.tu-darmstadt.de
ukp-lab.de
ukp-lab.de
ukp-lab.de
square.ukp.informatik.tu-darmstadt.de
square.ukp.informatik.tu-darmstadt.de
square.ukp.informatik.tu-darmstadt.de
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APPENDIX
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MetaQA Overall Results
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MetaQA Qualitative Analysis
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