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Title 
COmmon Ground Learning and Explanation (COGLE)  


Team Composition  
Palo Alto Research Center, Inc. (PARC), Mark Stefik, Principal Investigator, stefik@parc.com  
Carnegie Mellon University, Christian Lebiere  
Florida Institute for Human and Machine Cognition, Peter Pirolli  
United States Military Academy, Robert Thomson  


Problem Statement  
PARC is developing an interactive sensemaking system called COGLE (COmmon Ground Learning and 
Explanation) for explaining the learned performance capabilities of an autonomous system; the 
representations, processes, and competencies underlying those capabilities; and the history that 
produced that learning. Explanations support rapid abstraction, composition, and generalization of 
causal patterns, and generalized causal patterns support rapid inference and prediction for novel 
specific cases. 


Approach and Technique  
COGLE (see Figure 1) uses a cognitive modeling layer to translate policies and performances of a 
machine-learned agent into information for constructing explanations. The program’s Phase 1 challenge 
implicitly takes measuring user performance on a prediction task as a proxy for measuring user 
understanding of an XAI agent. Phase 1 user studies measured the degree to which explanations improve 
the accuracy of  predicting the performance of autonomous systems. The COGLE team approached 
explanation as diagnostic support where explanations help study participants to understand an agent’s 
competencies. The idea was that users need to understand which agent competencies are weak or 
strong in order to make their principled predictions about agent performance. 


Figure 1. COGLE overview 
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During Phase 1, competencies were defined as the knowledge/policy needed to solve a sub-goal. In this 
way, competencies were characterized as teleological. Different modules of a competency were created 
based on different training. These competency modules succeeded or failed under different conditions 
according to their training. The results of a user study are summarized below and a link to a full report is 
provided. 


In Phase 2 the challenge problem requires study participants to identify an agent’s high and low 
performing learned competencies. However, based on Phase 1 experience, teleological characterizations 
of competency are not precise enough because they do not account for the range of conditions that 
autonomous systems may face, especially in open worlds.  


How should competencies be characterized? What do end user study participants need to understand 
about competencies? Should users be told what the possible competencies are? If an agent performs 
poorly, how does a study participant characterize the precise conditions under which the agent’s 
competencies are weak?  


In Phase 2, these questions are leading the team to pursue the development of a description language 
for characterizing competencies. Users describe the conditions under which competencies succeed or 
fail. 


Figure 2 below illustrates an example interface view without explanation and Figure 3 below illustrates 
example explanation interfaces views. 


Figure 2. Interface view without explanation 
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Figure 3. Explanation interface views         
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Key Objectives and Current Status  
Table 1 below summarizes the COGLE measures, objectives, and actuals achieved to date. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 


Forecast Accuracy  Every participant makes a 
percent success forecast 
(0 - 100%) for a mission 
for each drone 


 
Identifying Missing 
Capability  


Every participant 
identifies a (single) weak 
competency for an agent 


 
XAI Trust Multi-factor 


measurement of study 
participant trust in the 
XAI system 
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NASA TLX* 
(perceived workload) 


Multi-factor 
measurement of cognitive 
load 


 
     *https://humansystems.arc.nasa.gov/groups/tlx/        
               


 Size Length Type 


User Study 18 2 hours per subject Within subject 
  


 
 


Numerical Value 
Hypothesis 


Results Comments With 
Explanation 


Without 
Explanation 


Improve 
forecasting 
predictions of 
agent success/ 
failure 


0.2 0.2 No evidence; 
forecasting 
accuracies are all 
very high and 
there is a “floor 
effect” 


 
  


  
  


Numerical Value  Hypothesis 
Results  


Comments  
With Explanation  Without 


Explanation  
Improve confidence in 
predictions  
  


--- --- Statistically marginal 
  


Generalized linear 
model of the 
normalized gains 


  
  
  


Numerical Value  Hypothesis 
Results  


 Comments 
With Explanation  Without 


Explanation  
Yield an improved 
mental model of 
agent competencies  
  


--- --- Statistically marginal  Analysis of hand-
coded representations 
of submitted user 
explanations  


  
  
  


Numerical Value  Hypothesis 
Results  


 Comments 
With Explanation  Without 


Explanation  
Not incur greater 
cognitive load  


--- --- No statistical 
difference in cognitive 
load  


NASA TLX scores  


  
  
  


Numerical Value  Hypothesis 
Results  


Comments  
With Explanation  Without 


Explanation  
Yield appropriate trust  --- --- Yes Responses to trust in 


AI questions  



https://humansystems.arc.nasa.gov/groups/tlx/
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Numerical Value  Hypothesis 
Results  


Comments  
With Explanation  Without 


Explanation  
Be the preferred 
interface  


14  4  Significantly preferred Binomial Test, p < .05 


                                       


Test and Evaluation 
An experiment (see Figure 4) that compared the performance of study participants on the Phase 1 
challenge problem was conducted. Participants were asked to predict agent performance on a new 
mission given experience with the agent (with and without explanation interface) on two previous 
missions. Results from the study showed a “floor effect”, meaning that participants did very well in 
predicting performance even without the explanation interface. The explanation interface did yield 
appropriate trust and was the significantly preferred interface. 


Figure 4. Experiment Overview 


 
                               
It is believed that the floor effect seen in the Phase 1 experiments was due in part to a “dumbing down” 
of the test problems in the study. In hindsight, the test problems were made simple for two reasons. On 
the basis of early trials, it was believed that users had difficulty understanding more complex UAS 
missions. To this end, test problems were designed where only one competency was weak (single failure 
assumption). On simple domain problems, this was too easy for users.! Secondly, the reinforcement 
learning algorithms that were deployed in Phase 1 proved could not solve complex domain tasks. 


Pirolli, P., Schooler, J. Exigisi Evaluation 2018, (Detailed User Study Evaluation Report for XAI Evaluation 
team at the Naval Research Laboratory), https://bit.ly/2YYmkhk. 


For additional information: 


Stefik, M. COGLE Demonstration Video, February 2019, https://bit.ly/2OP1tsb. 


Somers, S., Mitsopoulos, K., Lebiere, C., and Thomson, R. Cognitive-Level Salience for Explainable Artificial 
Intelligence. Submitted to the 41st Annual Meeting of the Cognitive Science Society. Montreal, CA. July 
24-27, 2019. 



https://bit.ly/2YYmkhk

https://bit.ly/2OP1tsb
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Somers, S., Mitsopoulos, K., Lebiere, C., and Thomson, R. Explaining Decisions of a Deep Reinforcement 
Learner with a Cognitive Architecture. In Proceedings of the 16th Annual Meeting of the International 
Conference on Cognitive Modeling. Madison, WI. July 21-24, 2018. 


Stefik, M., and G. Michael Youngblood, The Who, What, When, and Why of Explainable AI. COGLE 
Working Paper. May 2, 2018. https://bit.ly/2KxrwBu 


Stefik, M., and G. Michael Youngblood, Understanding the Power of Goals and Abstractions to Guide 
Explanation and Cognition. COGLE Working Paper. May 2, 2018. https://bit.ly/2HNs2xp 


Stefik, M. and G. Michael Youngblood, An Introspective Discourse Model for Creating Common Ground 
with XAI Systems. COGLE Working Paper. May 2, 2018. https://bit.ly/2KzkUCN 


Zhu, J., Liapis, A., Risi, S., Bidarra, R., and Youngblood, G. M. (2018, August). Explainable AI for designers: 
A human-centered perspective on mixed-initiative co-creation. In 2018 IEEE Conference on 
Computational Intelligence and Games (CIG) (pp. 1-8). IEEE. 


 



https://bit.ly/2KxrwBu

https://bit.ly/2HNs2xp

https://bit.ly/2KzkUCN
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Title 
Deeply Explainable Artificial Intelligence (DExAI): Heterogeneous Hierarchical Policies 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
UCB: Haoran Tang, Pieter Abbeel  


Problem Statement 
The goal of the effort is to develop an AI to play the full game of StarCraft II and to explain its behavior 
automatically. Conventional techniques of deep reinforcement learning are data-inefficient and 
generate black-box behavior. Therefore UCB designed a novel modular architecture to improve both 
data efficiency and explainability. 


Approach and Technique 
Playing StarCraft II is a complex task that requires handling several aspects of the game simultaneously, 
including resource management and army control. Inspired by prior efforts, UCB’s agent decomposes 
the task into five modules that have separate responsibilities, as detailed in Figure 1 below, and 
optimizes them independently with either scripting or deep reinforcement learning. The modular 
architecture is not only strong against the game’s built-in bots, but also designed to be explainable. 
Every decision can be traced back to the responsible module and thus be understood and corrected 
effectively. The agent can automatically generate explanations of the form“(time)[module] action.” For 
example, “(3:05) [Tactics] Attack enemy bases” means that the Tactics module decides to attack enemy 
bases at 3 minutes and 5 seconds in the game. By reading the explanations, AI experts can quickly 
identify problems in the agent and can correct them efficiently. 


Figure 1. Overview of AI modular architecture 
           


 


Key Objectives and Current Status 
Sixteen experts in frontier development of AI for StarCraft II were invited to evaluate the explainability 
of the agent. The objectives are summarized below in Table 1. 
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Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Explanation Goodness Explanations match expectations Explanations are good 
Explanation Satisfaction Explanations are satisfactory Explanations are satisfactory 
User-Machine Task Improve AI development efficiency Experts debug better with explanations 


           
In the first section, experts were presented with three video clips of the agent taking a certain action, 
along with the textual explanations (see example below in Figure 2).  


Figure 2. Examples of explaining certain behavior 
   


 


The experts rated on Explanation Goodness and Explanation Satisfaction on a Lickert scale from “I agree 
strongly” to “I disagree strongly” (5 to 1). The evaluation results, summarized below, suggest that most 
experts rated the explanations as good and satisfactory. 


Table 2 (continued). Measures, Objectives, and Actuals to Date 
 


 Numerical Value Hypothesis  
Results 


Goodness  
Measure  With Explanation Without 


Explanation 
Explanation Goodness 4.2 N/A Significant, p < 0.05 Faithfulness 


 
 Numerical Value Hypothesis  


Results 
Satisfaction  


Measure  With Explanation Without 
Explanation 


Explanation 
Satisfaction 


3.8 N/A Significant, p < 0.05 2, range of responses 


             
In the second section, a user-machine task was performed to evaluate how explanations help AI 
developers to improve the system. The experts were evenly divided into groups A and B. They watched 
two video clips of two of the agents playing against each other and were tasked to find out a module 
that was malfunctioning in one of the players. Group A saw explanations in the first video, but not in the 
second, while Group B saw explanations in the second video, but not in the first. The evaluation 
interface is shown in Figure 3 below. As summarized below, the experts were more likely to complete 
the task with the help of explanations. 
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Figure 3. Evaluation interface with explanations 
    


 
 


Table 1 (continued). Measures, Objectives, and Actuals to Date 
 


 Numerical Value Hypothesis  
Results 


User Machine  
Task  With Explanation Without 


Explanation 
User-Machine Task 
Performance 


87.5% 25.0% Significant, p < 0.01 Find the bad module 


             


Test and Evaluation 
For additional information see: 


Lee, Dennis, et al. "Modular Architecture for StarCraft II with Deep Reinforcement Learning." Fourteenth 
Artificial Intelligence and Interactive Digital Entertainment Conference. 2018. 
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Title 
Deeply Explainable Artificial Intelligence (DExAI): Textual Justification with Grounding 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
UCB, Lisa Anne Hendricks  
University of Amsterdam, Zeynep Akata  


Problem Statement 
In UCB’s work on textual justification with grounding, they consider justifying fine-grained classification 
decisions of birds. The focus is on the following criteria: Correctness, Understanding (using a prediction 
task), Performance, and Satisfaction. To validate the model they consider studies done on Amazon 
Mechanical Turk (AMT). 


Approach and Technique 
UCB’s approach (Figure 1) combines explanation language generation and natural language grounding 
models to ensure that explanations are both discriminative for a specific fine grained category and 
grounded in visual evidence. The input to the system is an image of a bird. First it is classified by a deep 
classification model. The fine grained image feature and predicted label are concatenated and input into 
a language generation model. The generation model can output sentences like, “This is a cardinal 
because it is a red bird with a black cheek patch.” They then use a language grounding model to ground 
constituent visual evidence into the image (e.g., draw a box around the “black cheek patch” in the 
image). By grounding visual evidence, they add more depth to the explanations (they have a visual 
component as well as a text component) and they ensure the explanations are more image relevant. 


Figure 1. Textual justification with grounding approach 
  


  


Key Objectives and Current Status 
Table 1 below highlights key measures, objectives, and actuals to date. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Understanding Given two images and a class prediction, 


users better understand the image the 
predicted label corresponds to when 
given an explanation. 


Generated explanations led to higher 
understanding than a system with no 
explanation. 
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Performance Given an explanation and an image, 
users are able to better determine if 
they should accept an AI decision when 
provided with an explanation. 


Generated explanations led to higher 
human-machine performance than a 
system with no explanation.  


Satisfaction User satisfaction increases when 
provided with an explanation. 


Generated explanations were more 
satisfactory to humans than no 
explanation baseline. 


Explanation Goodness Explanations are more grounded in 
visual evidence when the phrase-critic is 
used to select possible explanations. 


Explanations are more grounded in 
visual evidence than prior work. 


 
 Numerical Value Hypothesis  


Results 
User Machine  


Task  With Explanation Without 
Explanation 


User-Machine Task 
Performance 


72% 67% Significant, p < 0.001 Fine-grained bird 
classification 


 
 Numerical Value Hypothesis  


Results 
Mental Model Task 


 With Explanation Without 
Explanation 


Mental Model 
Understanding 


65% 53% Significant, p < 0.001 Fine-grained bird 
classification 


 
 Numerical Value Hypothesis  


Results 
Satisfaction  


Measure  With Explanation Without 
Explanation 


Explanation 
Satisfaction 


2.57 2.88 Marginal, 0.05 < p < 
0.1 


Likert Scale 1 - 5; 1 is 
most satisfied; 5 is 
least satisfied 


 
 Numerical Value Hypothesis  


Results 
Goodness  
Measure  With Explanation Without 


Explanation 
Explanation Goodness 62% 52% Significant Correctness of 


mentioned attributes 
in explanations 


 


Test and Evaluation 
For additional information see: 


Lisa Anne Hendricks, Ronghang Hu, Trevor Darrell, Zeynep Akata. Grounding Visual Explanations. 
European Conference on Computer Vision, 2018. 


Lisa Anne Hendricks, Ronghang Hu, Trevor Darrell, Zeynep Akata. Generating Counterfactual 
Explanations with Natural Language. International Conference on Machine Learning (Workshop on 
Human Interpretability), 2018. 
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Title 
Explainable AI for Assisting Data Scientists 


Team Composition 
Carnegie Mellon University (CMU), J. Zico Kolter, Principal Investigator, zkolter@andrew.cmu.edu 
CMU: Pradeep Ravikumar, Stephen Broomell, David Inouye, Joon Sik Kim, Leqi Liu, Edgar Xi, and George 
Haff 


Problem Statement 
CMU plans to give data scientists sample datasets and a model with some simple bugs, and ask them to 
debug with (experimental group) and without (control group) access to their XAI system (see Figure 1). 
The machine learning (ML) tasks can vary from supervised learning (e.g., some data is corrupted) to 
reinforcement learning (RL) (e.g., the rewards that are used are wrong). Users will be asked to debug the 
data and the model as much as they can, and the effectiveness of the XAI system in debugging ML 
models will be evaluated on several metrics based on the comparison between the user’s performance 
in each group. 


Figure 1. XAI for Assisting Data Scientists 
    


 


Approach and Technique 
CMU plans to use students who are finishing introductory ML courses taught in the ML department 
(which number more than a thousand every year) as study participants. The task will be framed as a 
Data Science Competition. Some participants will be provided an XAI library, some will not. CMU will 
measure various quantitative metrics, as well as ask for responses to questionnaires for qualitative 
evaluations. The tasks will be presented to the users in a Jupyter Notebook format assuming that the 
users are familiar with standard Python libraries.    


One example of the XAI system CMU uses is “sample importance” which tells the user what training 
samples are more/less important than others in influencing the model. Based on these values, users can 
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correct the training data so that the produced model has improved accuracy. The control group does not 
have access to the method that can compute the sample importance values. Each individual gets their 
own Jupyter Notebook file to work on, and their work will be saved periodically for evaluation purposes. 
Figure 2 below depicts the user interface. The left side of the figure (without explanations) depicts an 
example where the users do not have access to the method computing the sample importance values, 
and therefore must rely on their own debugging scheme. The right side of the figure (with explanations) 
depicts an example where the users can compute the sample importance values and use them for 
debugging. 


Figure 2. User interface view for sample importance 
          


 
                


Key Objectives and Current Status 
The study has gone through a small pilot phase and is currently waiting on the recruitment process to 
proceed with much larger groups. Initial evaluation of pilot data has shown to be promising in multiple 
ways. Users of the tool expressed overwhelmingly positive impressions of the tool, its usefulness, and 
confidence in it. Improvements in accuracy and recall of the models produced with the tool versus those 
without are apparent, despite the limited number of pilot users. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Perceived user confidence, 
reliability, efficiency, and 
satisfaction with the XAI tool 


Determine value of the tool to users, 
using Likert scales for objectively 
comparable results 


Overwhelmingly positive 


Number of bugs identified Compute precision and recall Significant difference not yet observed 
due to limited sample size 


Speed in identifying bugs Identify tool impact on user time spent 
on the task 


Unable to measure for the pilot study 


Model accuracy on validation 
data 


Determine tool impact on developing 
models that perform well on the data 
available to the user 


Significant difference not yet observed 
due to limited sample size 


Model accuracy on evaluation 
data 


Determine tool impact on developing 
models that perform well on data not 
available to the user, demonstrating 
universality of results 


Significant difference not yet observed 
due to limited sample size 
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Test and Evaluation 
Each user gets their own Jupyter Notebook file to work on, through which they get access to the data 
and the model. The data contains a certain portion of the training labels corrupted, therefore making 
the ML model achieve low test accuracy on the validation data. The user’s goal is to discover the training 
data points that have corrupted labels and fix them to make the model achieve a higher accuracy on the 
validation data. While validation data is provided to the users to make sure that they know their fix is 
working, another held-out evaluation data set is prepared that is not available to the users for post-
experiment analysis. 


Once users finish their task, their fixed labels will be compared against ground truth labels to compute 
precision and recall for evaluating the number of bugs identified. The final model’s performance on the 
evaluation data, as well as validation data, are measured. The speed in which the task was completed 
through the timestamp saved in each user’s log file is measured. At the end of the task, the users are 
then asked to fill out a simple questionnaire regarding qualitative aspects (e.g., satisfaction, confidence) 
of the explanations.  
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Title 
Deep Attentional Representations for Explanations (DARE) 


Team Composition 
SRI International, Giedrius T. Burachas, Principal Investigator, giedrius.burachas@sri.com 
University of Toronto: Richard Zemel, Sanja Fidler, and David Duvenaud 
University of California, San Diego: Jurgen Schulze 


Problem Statement 
End-to-end deep learning-based AI applications for multimodal data analytics have recently produced 
impressive results - sometimes surpassing human performance - but lack of transparency of their 
operation raises trust and reliance concerns as users may not be able to understand the reasons and 
causes for AI application outputs, whether accurate or inaccurate. SRI developed several explainable 
deep learning models for multimodal data analytics based on a popular Visual Question Answering 
(VQA) AI task. In order to make the VQA Deep Learning (DL) Neural Network (DNN) systems more 
transparent to a user, SRI augmented them with multiple modes of explanation.  


Approach and Technique 
SRI developed an XQA (eXplainable visual Question Answering) system that extends the VQA task with 
diverse explanation modes, including: causal spatial attention, object attention, and language-based 
show-and-tell explanations; related question/answer examples; image scene graphs; and counterfactual 
generative input image editing. The two modes of attention, spatial and object-based, are geared 
towards focusing on contiguous space features (e.g., “stuff” like grass, pavement, sky, and individual 
features) and discrete objects, respectively. In addition, SRI’s active attention-based explanations offer 
the user a capability to interactively modify attention masks for understanding causal effects of 
attention on answers in VQA tasks. Such active explanations can also be used for improving AI model 
performance during deployment, a unique feature that present day machine learning (ML) systems are 
not capable of supporting.  


In addition, SRI has explored interpretable hierarchical VQA models that offer greater transparency of 
model operation at multiple levels of inference. For example, the Progressive Module Network builds a 
model for the complex VQA task out of simpler submodules trained for such sub-tasks as object 
detection, attribute and relationship recognition, counting, and captioning. Rich semantic outputs at 
each submodule level can be used for further enriching explanation modes. 


Figure 1 depicts SRI’s XQA model that encodes questions using Long Short Term Memory (LSTM) (top 
stream), and provides two types of visual attention: 1) spatial-based, using a ResNet (middle stream), 
and 2) object-based, using Mask Region Convolutional Neural Networks (RCNN) (bottom stream). Spatial 
and object-based features are concatenated and weighted with corresponding attention weights. The 
resulting features are used in the final step, an answer classifier that produces a probability distribution 
over the 3,000 most likely answers. Explanations derived from the model include spatial attention 
weights (projected back onto image space), object-based attention masks (displayed as object masks), 
scene graphs derived from Mask RCNN model object detections, and related question/answers. Figure 2 
depicts SRI’s XQA interface without explanations on the left, and with explanations on the right; spatial, 
object-based attention, attention-filtered object bounding boxes, and scene graphs are shown at the 
bottom. 
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Figure 1. XQA model overview 
         


 
         


 
Figure 2. XQA interface overview 


 


 
 


Key Objectives and Current Status 
The DARE system explanations have proven to be an effective means for improving user performance in 
a collaborative human-machine task, for inducing meaningful mental models of the XQA system for the 
user, and for offering satisfactory explanations to the user. Interestingly, the users were able to rate 
explanation helpfulness in a manner so that explanations perceived as helpful were more effective for a 
task. Moreover, explanations tended to have greater impact when the system erred. The shortcomings 
that were revealed during user studies included lack of explanation detail and insufficient information 
for judging when the algorithm is accurate or trustworthy. Finally, on a small fraction of trials when the 
system erred but explanations were perceived as highly helpful, the users tended to be more strongly 
mislead by them.  
 
The key objectives for the next phase of the program are to: improve effectiveness of explanations by 
improving model interpretability; and provide explanatory/diagnostic information in a more complete 
manner so that inferences in all XQA model components are explained. For improved model 
interpretability, Progressive Module Networks that are amenable for providing explanations for multiple 
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subtasks contributing to VQA will be employed. Active explanation domain will be expanded by offering 
interactive tools for additional modules in order to support causal explanation modes. Explanation 
effectiveness will be further improved through self-diagnostic techniques that track the XQA model’s 
uncertainty in the inference. VQA model performance will be improved through meta-learning 
techniques that can also readily provide novel explanations by example. 


Table 1 summarized the measures, objectives and actuals to date. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Explanation effectiveness for  
collaborative human-machine ML 
performance  


Increase user ability to improve 
performance measures with 
explanations 


XQA system-generated explanations 
significantly increased user performance as 
compared to no explanation baseline 


Quality of the XQA system’s mental 
model as measured by prediction 
task accuracy 


Increase functional 
understanding of the XQA system 
for both correct and wrong 
outcomes 


Explanations improve user prediction of XQA 
system correctness only for cases when the 
answer is wrong 


Quality of the mental model as 
measured by questionnaire 


Increase structural understanding 
of the XQA system 


Currently, no structural (introspective) 
explanations are offered 


User’s trust in the XQA system as 
measured by questionnaire and 
spontaneous adoption of 
explanations 


Increase user’s ability to diagnose 
when to trust the XQA system’s 
response 


Currently, the evidence for trustworthiness is 
provided by an observation that users 
spontaneously opt for explanations; user 
confidence in their decisions correlate with the 
XQA system’s confidence 


User’s satisfaction in explanations as 
measured by questionnaire adjusted 
for bias 


Increase objective user 
satisfaction with explanations 
whose perceived satisfactoriness 
correlates with actual helpfulness 


Currently, users tend to prefer intuitive 
explanation modes like spatial attention even 
for the trials when they are misleading 


 
 
 


Numerical Value Hypothesis  
Results 


User Machine  
Task 


 With Explanation Without Explanation 
User-Machine 
Task 
Performance  


Setting 1 (20 questions): 
47.8% 
 
Setting 2 (5 questions - 
attention and rel QA):  
69.0% 


28.6% 
 
 


63.2% 


Significant, p = 0.019 
 
 


GuessWhich 


Performance depends on explanation helpfulness 
rating  
(most helpful explanations improve performance by 
25.0%) 


Significant, p < 0.010 


 
 Numerical Value Hypothesis  


Results 
Mental Model Task 


 With Object Attention 
Explanation 


Without 
Explanation 


Mental Model 
Understanding 


Correct VQA answer: 
84.7% 
 
Wrong VQA answer: 
53.0% 


86.5% 
 
 


35.1% 


Not significant 
 


Significant, p < 0.05 


Prediction Accuracy 


 
 Size Length Type 
User Study e.g., 54 subjects e.g., number of trials, 


number of conditions 
e.g., AMT, etc. 


e.g., between, within 
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GuessWhich AMT Study 69 subjects; 1,469 HITs >= 20 trials/subject, 
4 groups/conditions 


AMT, between subjects, 
mixed 


Prediction Task Study 90 subjects; 4,124 trials 6 groups/conditions Laboratory setting, mixed 
design 


                           


Test and Evaluation 
XQA explanation mode evaluations verify that explanations, as intended, improve AI task performance 
and thus validate the notion that explainable AI is an effective framework for opening up and shedding 
light on algorithmic AI black boxes. Users can benefit from such explanations in terms of gaining a better 
understanding of the system (improving mental model) and achieving cognitive satisfaction, which in 
turn improves their trust in the system. Most importantly, such lucid explanations can improve 
performance in human-machine tasks. 


Arijit Ray, Giedrius Burachas, Yi Yao, and Ajay Divakaran. Lucid Explanations Help: Using a Human-AI 
Image-Guessing Game to Evaluate Machine Explanation Helpfulness, 2019. 


Arijit Ray, Yi Yao, Avi Ziskind, Rakesh Kumar, and Giedrius Burachas. Evaluating Visual-Semantic 
Explanations using a Collaborative Image Guessing Game, 2018 (CVPRW 2018). 


Kim, Seung Wook, Makarand Tapaswi, and Sanja Fidler. Visual Reasoning by Progressive Module 
Networks, 2018, arXiv:1806.02453. 


Kamran Alipour, Jurgen P. Schulze, Yi Yao, Arijit Ray, Avi Ziskind, and Giedrius T. Burachas. Interactive 
Explanations for Visual Question Answering. In preparation. 
 
For additional information: 


https://xaidevel.nautilus.optiputer.net/predres, username: guest, password: demo12 


https://xaidevel.nautilus.optiputer.net/pred 


https://gwapp.nautilus.optiputer.net/ (username: _demo ) 



https://xaidevel.nautilus.optiputer.net/predres

https://xaidevel.nautilus.optiputer.net/pred

https://gwapp.nautilus.optiputer.net/
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Title 
xACT: Explanation-informed ACceptance Testing of deep adaptive programs 


Team Composition 
Oregon State University (OSU), Alan Fern, Principal Investigator (PI), alan.fern@oregonstate.edu 
OSU co-PIs: Margaret Burnett, Tom Dietterich, Martin Erwig, Liang Huang, Fuxin Li, Prasad Tadepalli, and 
Weng-Keen Wong 


Problem Statement 
The overall objective of the OSU xACT effort is to develop tools for explaining learned agents for 
sequential decision making and to discover best principles for designing explanation user interfaces. 
OSU’s explainable agent model is enabled by Explainable Deep Adaptive Programs (xDAPs) which are a 
combination of their prior work on adaptive programs, deep Reinforcement Learning (RL), and 
explainability. xDAPs are programs where certain “choice points” are attached to deep networks and 
trained via Deep Reinforcement. After training, explanation-informed acceptance testing is conducted 
via an explanation user interface (xUI), which allows a human to observe the agent behaving in selected 
simulation scenarios. Importantly, the xUI also allows the user to pause the agent at any decision point 
in order to explore explanations for that decision. The current xUI supports several forms of 
explanations, with the Phase 1 user study focusing on visual explanations including reward-
decomposition bars and visual saliency maps linked to those bars. The Phase 1 user study involved non-
experts in machine learning using the interface to understand an agent trained for a simple real-time 
strategy game.  


Approach and Technique 
The overall technical approach illustrated in Figure 1 begins with the AI System developer and ends with 
the test pilot (acceptance tester). The system developer creates an agent as an xDAP and then trains the 
agent offline using RL. An explanation learning process is then conducted, which aims to learn 
explanation structures to be used for explaining the agent’s decisions. This explanation learning process 
may or may not be integrated with the original RL process depending on the type of explanations 
desired. The final step on the developer side is an optional process of interactive naming, where a 
subject matter expert interacts with a specialized interface to attach semantically meaningful concepts 
to the explanation structures. The result of the offline training and interactive naming is an agent with 
learned explanation structures that can be used by the explanation generator to interactively produce 
explanations for the xUI.  


The Phase 1 user study focused on a subset of the proposed framework as shown in Figure 2. The left 
part of the figure shows a traditional acceptance testing user interface for a simple real-time strategy 
game. The user is able to navigate through the decisions of the agent (labeled D1-D4) to judge whether 
the agent is doing the right thing. The right side of the figure shows the xACT xUI, which adds two main 
types of explanations to the traditional interface. First, at each decision point, the user is shown a 
visualization of the reward decomposition for each action. The key idea is that there are multiple 
sources of reward in the game (e.g., negative reward for taking damage, positive reward for giving 
damage, etc.) and the bars show how much of each type of reward the agent predicts for each action. 
This gives insight into the trade-offs being considered by the agent. In addition, the user can display a 
saliency map (displayed at the bottom), which shows which parts of the game information were most 
important to assigning the value to the selected bar. Together these visualizations can be explored to 
help determine if the agent is doing the right thing for the right reasons.  



mailto:alan.fern@oregonstate.edu
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Figure 1. xACT system architecture 
 


 
 
 


Figure 2. (Left, without explanation) Interface for standard acceptance testing, where a user is able to observe the behavior of a 
trained agent. (Right, with explanation) xUI where the user is able to explore visual explanations of decisions of the agent along 


the timeline 
         


 


Key Objectives and Current Status 
The primary user study for  Phase 1 aimed at determining which explanation components if any from 
the xUI are able to improve users’ mental models of the agent. In particular, the study focused on non-
experts in machine learning. To do this, OSU performed a randomized experiment with 124 participants, 
explaining an AI agent via saliency maps (the eyeballs of an AI), reward bars (the crystal ball the AI uses 
to predict future score), neither, or both. These experiments were designed to answer the following 
research question: Which treatment is better (and how) at improving a participant’s mental model of an 
intelligent agent’s behavior? 
 
To assess mental models, users in the study took part in a two-hour acceptance testing exercise, where 
they would interactively observe the agent’s behavior at game decision points and answer questions 
about the decision points posed by the user study system. Users in treatments that included explanation 
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components were able to explore the explanations as well as observe the behavior when answering 
questions. In order to assess the mental models of users, two researchers qualitatively coded responses 
from participants’ final responses to describe the decision making process of the AI. Once they agreed, a 
score was assigned based on positive/negative codes assigned to each response. Quantitative analysis 
techniques were then applied to understand which of the treatments (Control, Saliency, Rewards, or 
Everything) performed best for building mental models in the users. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Mental Model Score – based on 
qualitative codes assigned to 
elements of user responses 


Improve the user’s understanding of the 
agent to develop an appropriate level of 
trust 


1) Everything participants had       
significantly higher mental model 
scores than the Control participants 
 
2) Treatments that saw reward bars 
(Everything and Rewards) led to 
significantly higher mental model 
scores than the Control group 


Prediction Score – based on a user’s 
ability to predict the next action of 
the agent based on previous 
observations of behavior and 
explanations (for treatments that 
have explanations) 


Improve the user’s understanding of 
what the agent is likely to do in a 
particular situation 


There were no significantly significant 
differences between the control 
treatment and treatments with 
explanations 


 
 Numerical Value Hypothesis  


Results 
Mental Model Task 


 With Explanation Without 
Explanation 


Mental Model 
Understanding 


48 (mental model 
score) 


70 (mental model 
score) 


Significant, p = 
0.00534 


Describing agent 
behavior model  


 
 Size Length Type 
User Study 124 subjects 4 Treatments with 


approximately 30 subjects 
per treatment 
 
Each treatment was 2 hours 


Between subject design with 
approximately 30 
randomized participants per 
treatment 


  
Test and Evaluation 
In addition to the above user study, OSU has developed and evaluated other explanation components. 
In one study, OSU developed an interactive naming interface, which allowed users to assign semantics 
to internal nodes of neural networks for use in explanation generation. In a preliminary evaluation OSU 
studied the consistency and differences among five different users who assigned semantics to the same 
network nodes based on the same data sets. Two main results were established: 1) [Naming Coverage] 
after naming, 80% of the images in the data set activated at least one network node that had been 
named by a user, and 2) there was significant overall consistency between the names assigned to nodes 
by different users. 


The second study evaluated whether explanations could help users better understand fine-grained 
image classifiers. In particular, explanation neural networks were learned as a way of compressing the 
distributed feature representation of deep networks into a small number of meaningful features. The 
features can be visualized by humans and used to help understand the key features considered by the 
network when making classifications. A user study was conducted using two datasets, one a seagull 
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classification dataset and the other a cell microscopy classification dataset. It was found that users that 
used the explanations achieve significantly higher mental model scores compared to those that did not 
use explanations (seagulls p = 0.0086 and microscopy p = 0.0011). 


Zoe Juozapaitis, Anurag Koul, Alan Fern, Martin Erwig, Finale Doshi-Velez. (under review). Explainable 
Reinforcement Learning via Reward Decomposition. Conference on Uncertainty in Artificial Intelligence 
(UAI 2019).   


Zhongang Qi, Saeed Khorram, and Fuxin Li. (under review). Embedding Deep Networks into Visual 
Explanations. International Joint Conference on Artificial Intelligence (IJCAI 2019). 


Rey Pocius, Lawrence Neal, and Alan Fern. (2019). Strategic Tasks for Explainable Reinforcement 
Learning. AAAI-2019 Student Abstract. 


Mandana Hamidi-Haines, Zhongang Qi, Alan Fern, Fuxin Li, and Prasad Tadepalli. (2019). Interactive 
Naming for Explaining Deep Neural Networks: A Formative Study. IUI Workshop on EXplainable Smart 
Systems (EXSS). 


Zhongang Qi and Fuxin Li. Learning Explainable Embeddings for Deep Networks. (2017). NIPS Workshop 
on Interpreting, Explaining and Visualizing Deep Learning.  


S. Penney, J. Dodge, C. Hilderbrand, A. Anderson, L. Simpson, and M. Burnett. (2017). Toward Foraging 
for Understanding of StarCraft Agents: An Empirical Study. IUI 2018.  


J. Dodge, S. Penney, C. Hilderbrand, A. Anderson, and M. Burnett. (2017). How the Experts Do It: 
Assessing and Explaining Agent Behaviors in Real-Time Strategy Games. CHI 2018. 


Martin Erwig, Alan Fern, Magesh Murali, and Anurag Koul. (2018). Explaining Deep Adaptive Programs 
via Reward Decomposition. IJCAI Workshop on Explainable Artificial Intelligence. 


Sam Greydanus, Anurag Koul, Jonathan Dodge, and Alan Fern. (2018). Visualizing and Understanding 
Atari Agents. International Conference on Machine Learning.  


Andrew Anderson, Jonathan Dodge, Amrita Sadarangani, Zoe Juozapaitis, Evan Newman, Jed Irvine, 
Souti Chattopadhyay, Alan Fern, and Margaret Burnett. (2019). Explaining Reinforcement Learning to 
Mere Mortals: An Empirical Study. International Joint Conference on Artificial Intelligence (IJCAI 2019). 
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Title 
Learning and Communicating Explainable Representations for Analytics and Autonomy 


Team Composition 
University of California, Los Angeles (UCLA), Song-Chun Zhu, Principal Investigator, sczhu@stat.ucla.edu 
UCLA, Yingnian Wu 
Oregon State University, Sinisa Todorovic 
Michigan State University, Joyce Chai 


Problem Statement 
The UCLA team is developing an explainable AI framework for two domains: (a) multi-model analytics 
for complex event understanding, and (b) autonomy by recognition, reasoning, and planning. For these 
two domains, the work can be broadly divided into three main directions aimed at developing: 


A Performer (i.e., a vision or robot system) for complex settings, in which it’s predictions, plans, 
or decisions are not readily obvious to the user from one-shot explanations, but require non-
trivial sequences of explanations (i.e. a dialogue with the user); 


An Explainer that generates maximum utility explanations in a dialog with the user; and 


An Evaluator that quantitatively evaluates the effect of explanations on the user’s 
understanding of the machine’s mental model.  


Approach and Technique 
UCLA’s explainable AI framework is based on Theory of Mind (ToM). ToM is the ability to reason about 
the perceptions and beliefs of others, in addition to one’s own perceptions and beliefs. The framework, 
X-ToM, generates interactive and collaborative explanations by incorporating the machine’s 
understanding of the user’s mind; and evaluates the user’s trust and reliance in the machine by explicitly 
measuring the user’s understanding of the machine’s mind. To facilitate this collaboration, X-ToM 
explicitly models the mental states of both machine and user visual understanding using the following 
three parse graphs (pg) in the form of an And-Or Graph (AOG): 


pgM: the machine’s own inference about objects and their locations in the image/video; 


pgUinM: the user’s mind as inferred by the machine; and 


pgMinU: the machine’s mind as inferred by the user.  


UCLA’s approach has two important phases: In the first phase, they use reinforcement learning to train 
the Explainer to provide optimal explanations by inferring and updating pgUinM at every turn in the 
dialog. Optimal explanations generated by the Explainer are the key to maximize the user’s trust in the 
machine. In the second phase, the Evaluator assesses the extent to which the explanations provided in 
the first phase have helped the user understand the machine’s behaviors. Specifically, the user is asked 
to solve new tasks similar to (but different from) the ones used in the first phase. Based on the user 
predictions, the Evaluator estimates pgMinU and quantifies user trust and reliance in the machine by 
comparing pgMinU and pgM. Figure 1 depicts X-ToM for optimizing the dialog with a user towards 
estimating and increasing user trust. 


  



mailto:sczhu@stat.ucla.edu





 
 
  XAI 


UCLA, 2 
Approved for Public Release, Distribution Unlimited 


 


Figure 1. X-ToM for optimizing dialog 
  


 


 


Figure 2 illustrates an example of collaborative task solving in image analytics where trust and reliance 
in, terms of pgM, pgUinM, and pgMinU, are estimated through dialog. 


 


Figure 2. Collaborative task solving 
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UCLA’s integrated analytics system enables many functions in a joint spatial, temporal, and causal 
parsing framework. As shown in Figure 3, the Performer can obtain a scene-centric PG, with spatio-
temporal graphs (ST-PG) for each person, generated by different vision and cognition algorithms. Then, 
the Explainer infers the user’s mind via the X-Utility module in terms of the user question, and further 
generates the explanation via the X-AOG module. The X-Ontology module contributes to the explanation 
generation. 


Figure 3. X-ToM for video analytics 
     


 
UCLA’s dialogue interface is shown in Figure 4, illustrating both without explanation and with 
explanation. The X-ToM system focuses on generating a uniform and consistent explanation from the 
probabilistic ST-PG to the logic operation according to the user’s question. Specifically, user questions 
are first transformed into logical operations. For example, “How many people will take a pizza?” can be 
translated into: “1. Find(person); 2. Find(pizza), and; 3. Count()”. Next, the logical operations are 
performed on the probabilistic ST-PG. In this way, the user can comprehensively understand the 
machine to improve the pgM, while the machine can estimate the trust and reliance of the user by 
predicting the pgUinM and pgMinU. 


Figure 4. Dialogue interface without and with explanation 
 


 


A user-machine task was designed to measure user trust at certain stages of robotic execution, and 
evaluate how user trust changes over the course of execution. The objective of the study was to 
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determine which stages of robotic execution are most critical in influencing user trust; and what 
information is most effective in promoting user trust. Figure 5 illustrates an example of the user-
machine task without explanation (baseline group, left) and with explanation (explanation group, right). 


Figure 5. X-ToM for a force-based robot grasping system 
                 


 
ULCA has also designed studies in which both the machine and user solve common household tasks in a 
virtual reality kitchen. They have implemented manipulations such as cutting, pealing, boiling, grading, 
grasping, and opening; as well as the corresponding fluent changes for relevant objects (including food 
ingredients, kitchenware, and other tools) within the virtual reality kitchen. Figure 6 illustrates an 
example where the machine provides explanations to the user based on its knowledge and inference of 
the user’s mind. 


Figure 6. X-ToM for Human Robot Teaming 
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Key Objectives and Current Status 
Tables 1 - 4 below summarize UCLA’s measures and actual results to date. 


Table 1. Image analytics results 
 


 Size Length Type 
User Study 120 participants from UCLA 


Psychology Subject Pool 
3 conditions (without 


explanations, with attention 
map explanations, and with 


x-ToM explanations) 


Between group study 


           
 Numerical Value Hypothesis  


Results 
Measure 


Definition  Without 
Explanation 


Attention 
Maps as 


Explanation 


X-ToM 
Explanation 


Justified Positive 
Trust for Detection 
(JPT_Detection) 


9.1% 25.3% 84.1% Significant, p < 
0.01 


in detecting and 
localizing objects 
and parts of 
interest or a user 
activity appearing 
in the image 


Justified Negative 
Trust for Detection 
(JNT_Detection) 


32.4% 28.1% 74.0% Significant, p < 
0.01 


in detecting and 
localizing objects 
and parts of 
interest or a user 
activity appearing 
in the image 


Justified Positive 
Trust for Influence 
(JPT_Influence) 


24.0% 35.8% 76.4% Significant, p < 
0.01 


for identifying the 
most influential 
factors in 
machine’s 
successful or 
failed detection of 
objects or parts of 
interest, or a user 
activity appearing 
in the image 


Justified Negative 
Trust for Influence 
(JNT_Influence) 


4.3% 17.9% 84.2% Significant, p < 
0.01 


for identifying the 
most influential 
factors in 
machine’s 
successful or 
failed detection of 
objects or parts of 
interest, or a user 
activity appearing 
in the image 


 
 
 


Numerical Value Hypothesis  
Results 


Comments 


 Without 
Explanation 


Attention 
Maps as 


Explanation 


X-ToM 
Explanation 


User-Machine 
Performance/Prediction 
Accuracy 


31.1% 42.0% 85.7% Significant, p < 
0.01 


User-machine 
performance is 
significantly 
higher in X-ToM 
(p < 0.01) 
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compared to 
attention maps 
and question 
answer baselines 
 
User-machine 
performance of 
attention map is 
not significantly 
higher than 
question answer 
baselines 


 
 
 


Numerical Value Hypothesis  
Results 


Comments 


 Without 
Explanation 


Attention 
Maps as 


Explanation 


X-ToM 
Explanation 


Response Times 16 second 20 seconds 17 seconds Not significant Record time 
taken by the user 
in solving a task 
(or answering a 
question) in the 
testing stage 
 
Results show no 
significant 
difference in the 
response times 
across the three 
groups 


 
 Numerical Value Hypothesis  


Results 
Measure 


 Without 
Explanation 


Attention 
Maps as 


Explanation 


X-ToM 
Explanation 


Explanation 
Satisfaction 


4.20 4.05 7.81 Significant, p < 
0.01 


Usefulness (Likert 
scale 0 - 9) 


4.36 3.68 7.22 Significant, p < 
0.01 


Sufficiency (Likert 
scale 0 - 9) 


3.18 3.40 7.70 Significant, p < 
0.01 


Appropriate detail 
(Likert scale 0 - 9) 


5.80 5.42 6.33 Not significant Confidence (Likert 
scale 0 - 9) 


6.60 7.31 8.04 Not significant Understandability 
(Likert scale 0 - 9) 


6.00 5.43 6.80 Not significant Accuracy (Likert 
scale 0 - 9) 


6.10 5.80 7.21 Not significant Consistency (Likert 
scale 0 - 9) 


 
 
 


Numerical Value Hypothesis  
Results 


Comments 


 Without 
Explanation 


Attention 
Maps as 


Explanation 


X-ToM 
Explanation 


Qualitative 
Reliance 


5.4 5.1 7.6 Significant, p < 
0.01 


Likert scale of 0 – 
9; qualitative 
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reliance values 
collected from 
users is consistent 
with X-ToM 
quantitative 
reliance values;  
users’ qualitative 
reliance in 
attention maps is 
lower compared 
to the question 
answering 
baseline 


 
Table 2. Video analytics results     


  
 Numerical Value Hypothesis  


Results 
 Without 


Explanation 
X-ToM 


Explanation 
 


Justified Positive 
Trust  


41.0% 93.2% Significant, p < 0.01 


Justified Negative 
Trust  
 


24.3% 54.5% Not significant 


Reliance 41.7% 72.1% Significant, p < 0.01 
            


Table 3. Robotic “open bottle” results 
  


 Numerical Value Hypothesis  
Results 


Comments 


 Without 
Explanation 


X-ToM 
Explanation 


 


Justified Positive 
Trust (JPT) 


39.1% 64.7% Significant, p < 
0.01 


Likert scale of 
1-7. To predict 
bottle opening 


success 
Justified Negative 
Trust (JNT) 
 


54.4% 46.5% Significant, p < 
0.01 


Likert scale of 
1-7. To predict 
bottle opening 


failure 
            


Table 4. Virtual reality kitchen results 
  


 Numerical Value Hypothesis  
Results 


Comments 
 Without 


Explanation 
X-ToM 


Explanation 
Prediction Accuracy 12.1% 77.4% Significant, p < 


0.01 
N/A 


Explanation 
Satisfaction 
 


16.1% 24.5% Not Significant Efficiency; 
Likert scale of 


0 - 5 
24.3% 36.0% Not Significant Appropriate 


detail; Likert 
scale of 0 - 5  


25.0% 38.3% Not Significant Usefulness; 
Likert scale of 


0 - 5  
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23.6% 37.4% Not Significant Clarity; Likert 
scale of 0 - 5 


User-Machine 
Performance 


40.0% 69.4% Significant, p < 
0.01 


N/A 


            


Test and Evaluation 
UCLA conducted user studies to assess the effectiveness of the X-ToM Explainer, trained on Amazon 
Mechanical Turk, in increasing user trust through explanations. 120 participants were selected from the 
UCLA Psychology Department student pool. The participants had no background in computer vision, 
deep learning, or natural language processing. Each participant went through an introduction phase 
where they were introduced to the tasks. Then they went through a familiarization phase, where they 
became familiar with the machine's underlying inference processes (Performer), followed by a testing 
phase where trust metrics were used to assess their trust in the Performer. 


Arjun Akula, Changsong Liu, Sari Sadiya, Sinisa Todorovic, Joyce Chai, Song-Chun Zhu. Gaining Justified 
Trust by Explaining with  Theory of Mind. In International Joint Conference on Artificial Intelligence (IJCAI 
2019) [submitted].  


Xiaofeng Gao, Ran Gong, Tianmin Shu, Xu Xie, Shu Wang, Song-Chun Zhu. VRKitchen: an Interactive 3D 
Virtual Environment for Task-oriented Learning. arXiv:1903.05757v1, Mar 2019. 


W. Wang, Y. Xu, Q.S. Zhang, J. Shen, S.-C. Zhu. Deep Structured Network with Joint and Interpretable 
Bottom-up and Top-down Inference. AAAI Conference on Artificial Intelligence (AAAI), 2019 (under 
review). 


S. Yang, Q. Gao, S. Saba-Sadiya, and J. Y. Chai. Commonsense Justification for Action Explanation. 
Conference on Empirical Methods in Natural Language Processing (EMNLP), Brussels, Belgium, 
November 1-4, 2018. 


Q.S. Zhang, R. Cao, F. Shi, Y.N. Wu, and S.-C. Zhu. Interpreting CNN Knowledge Via An Explanatory 
Graph. AAAI Conference on Artificial Intelligence (AAAI), 2018 


Q.S. Zhang, W.G. Wang, and S.-C. Zhu. Examining CNN Representations With Respect To Dataset Bias. 
AAAI Conference on Artificial Intelligence (AAAI), 2018 


J. Y. Chai, Q. Gao, L. She, S. Yang, S. Saba-Sadiya, and G. Xu. Language to Action: Towards Interactive 
Task Learning with Physical Agents. Proceedings of the 27th International Joint Conference on Artificial 
Intelligence and 23rd European Conference on Artificial Intelligence (IJCAI-ECAI), Stockholm, Sweden, 
July 13-19, 2018. 


Q. Gao, S. Yang, J. Y. Chai, and L. Vanderwende. What Action Causes This? Towards Naïve Physical 
Action-Effect Prediction. Proceedings of the 56th Annual Meeting of the Association for Computational 
Linguistics (ACL), Melbourne, Australia, July 15-20, 2018. 


J. Y. Chai, M. Cakmak, and C. Sidner. Teaching Robots New Tasks through Natural Interaction. In: 
Interactive Task Learning: Agents, Robots, and Users Acquiring New Tasks through Natural Interactions, 
ed. K. A. Gluck and J. E. Laird. Strüngmann Forum Reports, vol. 26, J. Lupp, series editor. Cambridge, MA: 
MIT Press. [In Press] 


A. L. Thomas, E. Lieven, M. Cakmak, J. Y. Chai, S. Garrod, W. Gray, S. Levinson, A. Paiva, N. Russwinkel. 
Interaction for Task Instruction and Learning. In Gluck, K. A. and Laird, J. E. eds., Interactive Task 
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Learning: Agents, Robots, and Users Acquiring New Tasks through Natural Interactions. Strüngmann 
Forum Reports, J. Lupp, series editor, volume 26, MIT Press [In Press]. 


Q. Gao, L. She, and J. Y. Chai. Interactive Learning of State Representation through Natural Language 
Instruction and Explanation. AAAI 2017 Fall Symposium on Natural Communication for User-Robot 
Collaboration. 


Q. Zhang, Y. N. Wu and S.-C. Zhu, Interpretable Convolutional Neural Networks. Computer Vision and 
Pattern Recognition (CVPR), 2018. 


A. Roy and S. Todorovic, "Learning to learn second-order back-propagation for CNNs using LSTMs," in 
Proc. 24rd International Conference on Pattern Recognition (ICPR), Beijing, China, 2018. 


P. Lei, F. Li, and S. Todorovic, "Boundary Flow: A Siamese network that predicts boundary motion 
without training on motion," in Proc. IEEE Comp. Soc. Conf. Computer Vision Pattern Recognition (CVPR 
2018), Salt Lake City, UT, 2018. 


P. Lei and S. Todorovic, "Temporal Deformable Residual Networks for action segmentation in videos," in 
Proc. IEEE Comp. Soc. Conf. Computer Vision Pattern Recognition (CVPR 2018), Salt Lake City, UT, 2018. 


Y. Xu, E. Markowitz, T. Liu, W. Wang, J. Xie, S.-C. Zhu. Learning 3D User Shapes, Poses and Actions from 
3D Animations. AAAI Conference on Artificial Intelligence (AAAI), 2019 (under review). 


T. Liu, X. Xie, Y. Xu, W. Wang, S.-C. Zhu. Video Game Exploit: Hacking Game Assets to Learn 3D User-
Object Interactions. AAAI Conference on Artificial Intelligence (AAAI), 2019 (under review). 


 M. Edmonds, J. Kubricht, C. Summers, Y. Zhu, B. Rothrock, S.C. Zhu, & H. Lu. User Causal Transfer: 
Challenges for Deep Reinforcement Learning. 40th Annual Meeting of the Cognitive Science Society 
(CogSci), 2018. 


For additional information: 


X-ToM Illustration Video: https://www.youtube.com/watch?v=cwnOXTa1DAU 


X-ToM Policy Learning Video: https://www.youtube.com/watch?v=EqBM8iN-AMg 


X-ToM Introduction Phase Video: https://www.youtube.com/watch?v=dtmXLxB1yV8 


X-ToM Familiarization Phase Video: https://www.youtube.com/watch?v=6i5KJmqPSHY 


X-ToM Testing Phase Video: https://www.youtube.com/watch?v=LOFKcqPqfJs 


X-ToM for video analytics: http://xai.visualturingtest.org/ 



https://www.youtube.com/watch?v=cwnOXTa1DAU

https://www.youtube.com/watch?v=EqBM8iN-AMg

https://www.youtube.com/watch?v=dtmXLxB1yV8

https://www.youtube.com/watch?v=6i5KJmqPSHY

https://www.youtube.com/watch?v=LOFKcqPqfJs

http://xai.visualturingtest.org/
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Title 
Deeply Explainable Artificial Intelligence (DExAI): Driving-X 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
UCB: Jinkyu Kim, Anna Rohrbach, John Canny  
University of Amsterdam: Zeynep Akata  


Problem Statement 
Deep neural perception and control networks have become key components of self-driving vehicles. 
User acceptance is likely to benefit from easy-to-interpret textual explanations which allow end-users to 
understand what triggered a particular behavior. Under this effort, UCB is exploring a new approach to 
introspective explanations by: visualizing model attention that potentially influences network output; 
and generating textual explanations of model actions. 


Approach and Technique 
The model consists of two parts (see Figure 1). First, a visual (spatial) attention model is used to train a 
convolutional neural network end-to-end from images to the vehicle control commands. The controller's 
attention identifies image regions that potentially influence the network's output. Second, an attention-
based video-to-text model is used to produce textual descriptions/explanations of the model’s behavior. 
The attention maps of the controller and explanation model are aligned so that explanations are 
grounded in the parts of the scene that mattered to the controller. 


Figure 1. Model overview 
    


 


Figure 2 illustrates visual and textual explanations for a self-driving vehicle controller both without and 
with explanations. 
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 Figure 2. Visual/textual explanations for a self-driving vehicle controller: (left) without explanations vs. (right) with explanations 
  


 


Key Objectives and Current Status 
UCB’s model generates both rationalizations and explanations grounded in the controller’s behavior 
(introspective explanations). In an extension of this work, UCB has explored advisable driving models in 
which a vehicle controller is trained to accept human-to-vehicle advice. Advice includes short-term 
guidance (what to do and where to attend) and long-term global guidance (driving instructions). To 
effectively evaluate the model, UCB is working on transferring the approach from human demonstration 
to a simulated environment.  
 
Table 1 summarize the measures, objectives, and actuals to date. 


Table 1. Measures, Objectives, and Actuals to Date 
 


 Numerical Value Hypothesis  
Results 


Goodness  
Measure  With Explanation Without Explanation 


Explanation Goodness 66.0 % 22.4 % Significant e.g., Faithfulness 
            


Test and Evaluation 
UCB performed studies where human judges were asked to rate the generated description/ explanation 
on a scale of 1 - 4 (1: correct and specific/detailed, 2: correct, 3: minor error, 4: major error). They 
collected ratings from three judges for each task. Finally, they computed the majority vote, i.e., at least 
two out of three judges should rate the description/explanation with a score 1 or 2. In this study, the 
proposed model outperformed rationalization and the non-XAI baseline. 


Jinkyu Kim, Anna Rohrbach, Trevor Darrell, John Canny, and Zeynep Akata. Textual Explanations for Self-
Driving Vehicles, ECCV 2018. 


For additional information: 


Jinkyu Kim and John Canny. Interpretable Learning for Self-driving Cars by Visualizing Causal Attention, 
ICCV 2017. 


Jinkyu Kim, Teruhisa Misu, Yi-Ting Chen, Ashish Tawari, and John Canny. Grounding Human-to-Vehicle 
Advice for Self-driving Vehicles, CVPR 2019. 
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Title 
Deeply Explainable Artificial Intelligence (DExAI): Transparent multi-step reasoning with Stack Neural 
Module Networks (SNMN) 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
UCB: Ronghang Hu, Anna Rohrbach  
Boston University: Kate Saenko  


Problem Statement 
This effort investigates two distinct, but related explainable AI questions regarding the UCB SNMN 
model: 1) does the SNMN model improve users' satisfaction of the explanation? And 2) Does the SNMN 
model allow users to form truthful beliefs about the model’s behavior? 


Approach and Technique 
The UCB SNMN model performs compositional reasoning by automatically inducing a desired sub-task 
decomposition without relying on strong supervision, being fully differentiable and more interpretable 
to human evaluators. In the SNMN model, the internal reasoning procedure is transparent to the 
users (which is unlike black-box neural networks), allowing users to directly see how the final prediction 
is made based on internal steps. Figure 1 shows an overview of the SNMN model. 


Figure 1. SNMN model overview 
    


 
 


Figure 2 below illustrates a comparison between the SNMN model on the far right and the “without 
explanation” version in the middle (black-box neural networks). The input question and image are 
shown on the left. 
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Figure 2. Illustration of an example visual question answering task (left), a model version without 
explanation (middle), and the SNMN model version with explanation (right) 


 


 


Key Objectives and Current Status 
Study results show that users can more clearly understand the reasoning procedure in the SNMN model-
generated explanations, as shown in Table 1, Explanation Satisfaction. Also, the SNMN model allows the 
users to form truthful beliefs of the model behavior, and enables them to predict whether the model 
will get the correct answer or fail, as shown in Table 1, Failure Detection. Table 2 presents numerical 
results for both Explanation Satisfaction and Failure Detection. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Explanation Satisfaction Generate explanations that are 


satisfactory to users 
 
Satisfactions are subjectively rated on a 
4-point Likert scale by users 


Users are more satisfied with the 
explanations from the SNMN model 
(compared to those from baseline 
methods), as they can more clearly 
understand the reasoning procedure 
from the explanations 


Failure Detection Investigate whether users can form 
truthful beliefs from the model’s 
explanations, by measuring whether 
humans can predict the model's answer 
and detect its failure based on its 
explanations 


The SNMN model enables users to 
predict whether the model will get the 
correct answer or fail more accurately 
than baseline methods 
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          Table 2. Numerical results for Explanation Satisfaction and Failure Detection 


 Numerical Value Hypothesis  
Results 


Trust  
Measure  With Explanation Without 


Explanation 
Explanation 
Satisfaction Score 


3.33 2.510 The score is 
significantly higher 
with explanation 


e.g., 1 - 4  (1 is bad, 4 
is good) 


Failure Detection 
Accuracy 


0.625 0.495 The accuracy should 
be larger than 0.5 with 


explanations 


Higher accuracy is 
better (0.5 is random 


accuracy) 
             


Test and Evaluation 
For evaluation, the model's intermediate outputs, such as the image attention and textual attention at 
each step, are visualized; and the model's final prediction is also shown. The evaluators are then asked 
to rate the clearness of the explanation. 


The failure detection evaluation investigates whether humans can predict the model's answer and 
detect its failure based on its explanations. The test set is split into half correct and half incorrect model 
predictions, and the final answer output is not shown, so that human baseline performance should be 
chance or 50%. The hypothesis is that if humans can predict whether the model succeeds or fails better 
than chance, they understand something about the model's decision process. 


Hu, Ronghang, et al. "Explainable neural computation via stack neural module networks." Proceedings of 
the European Conference on Computer Vision (ECCV). 2018. 


For additional information: 


https://people.eecs.berkeley.edu/~ronghang/misc/xai_demo_nmn/ 


 



https://people.eecs.berkeley.edu/%7Eronghang/misc/xai_demo_nmn/
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Explainable Artificial Intelligence (XAI) Program 
Defense Advanced Research Projects Agency (DARPA) Information Innovation Office (I2O) 
Dave Gunning, Program Manager, david.gunning@darpa.mil 
xai@darpa.mil 


Introduction 
Dramatic success in machine learning (ML) has led to a new wave of AI applications (e.g., transportation, 
security, medicine, finance, and defense) that offer tremendous benefits, but cannot explain their 
decisions and actions to human users. DARPA’s XAI program endeavors to create AI systems whose 
learned models and decisions can be understood and appropriately trusted by human users. Realizing 
this requires methods for learning more explainable models, designing effective explanation interfaces, 
and understanding the psychological requirements for effective explanations. XAI’s eleven system 
developer teams are addressing the first two challenges by creating new ML techniques and developing 
principles, strategies, and human-computer interaction techniques for generating effective 
explanations. Another XAI team is addressing the third challenge by summarizing, extending, and 
applying psychological theories of explanation to assist the XAI Evaluator with defining a suitable 
evaluation framework to test the XAI systems. 


Problem Statement 
The XAI program addresses two operationally relevant challenge problem areas: 1) data analytics (e.g., 
classification of events of interest in heterogeneous multi-media data), and 2) autonomy (e.g., decision 
policies of autonomous systems).  
 
The data analytics challenge was motivated by the need for intelligence analysts to effectively utilize 
information provided by AI systems. For example, presented with recommendations/decisions from an 
AI system’s algorithms, analysts must determine which to include as supporting evidence in their 
analyses/reports, which to pursue further, and perhaps which to ignore. AI systems that produce 
effective explanations have the potential to help intelligence analysts better assess evidence that might 
support or contradict their hypotheses, and more readily identify potential issues such as ‘concept drift’ 
in an AI system’s algorithmic processes. 
 
The autonomy challenge was motivated by the need for military operators to effectively manage 
autonomous AI partners. For example, as the military continues to adopt the use of AI systems with 
increasing levels of autonomy, operators will need to understand the behavior of these systems under 
various conditions. AI systems that produce effective explanations have the potential to help operators 
better determine their applicability and utility in future mission scenarios.  


Teams, Approaches, and Techniques 
Eleven XAI teams are investigating a diverse range of techniques and approaches for developing 
explainable models and effective explanation interfaces. Three system developer teams are addressing 
both program challenge problem areas of autonomy and data analytics; three team are addressing 
autonomy only; and five teams are addressing data analytics only. 
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 Figure 1. XAI System Developers, Approaches, and Challenge Problem Areas 
          


 
      


One XAI research team (led by the Florida Institute for Human and Machine Cognition, with team 
members Macrocognition, LLC and the Michigan Technological University) is summarizing, extending, 
and applying psychological theories of explanation (e.g., What is an explanation? How do humans 
explain things? How might intelligent systems help humans better understand and explain?) The team is 
constructing a model of explanation to support the eleven XAI system developer teams (e.g., by 
informing explanation interface designs and user study protocol designs) as well as the government 
evaluator team (e.g., to define measures of explanation effectiveness for the evaluation framework). 
The team has authored a series of published articles on “explaining explanation” as part of this effort 
(Theoretical Foundations, Empirical Foundations, The Causal Landscape, A Deep Dive on Deep Nets). 


Key Objectives and Current Status 
The overarching goal of this fundamental research program is to create a suite of machine learning 
techniques that produce more explainable models, while maintaining a high level of learning 
performance; and enable human users to understand, appropriately trust, and effectively manage the 
emerging generation of AI systems. The high-level, key program metric objective is explanation 
effectiveness (as measured by user satisfaction, mental model, trust, and task performance) measured 
under various experimental conditions: without explanation (e.g., the AI system is used to perform a 
task without providing an explanation to the user), with explanation (e.g., the AI system is used to 
perform a task and generates explanations for every recommendation or decision it makes, and every 
action it takes), partial explanation (the AI system is used to perform a task and generates only partial or 
ablated explanations to the user, and control (e.g., a baseline state-of-the-art non-explainable AI system 
is used to perform a task). The program includes three evaluations over the course of two phases: 


• Phase 1: developer team-specified challenges in data analytics and/or autonomy and developer 
team-executed user studies and evaluations (Evaluation 1); and 


• Phase 2: developer team-specified challenges in data analytics/autonomy and government 
team-executed user studies and evaluations (Evaluation 2); government team-specified 
challenges in data analytics/autonomy and government team-executed user studies and 
evaluations (Evaluation 3). 


 
High-level (across all eleven system developer teams) measures of explanation effectiveness achieved to 
date are as follows (as of February 2019): 


• Phase 1 – XAI system-generated explanations increase user satisfaction, improve user mental 
model, engender appropriate user trust/reliance, and improve user-system task performance; 
and 


• Phase 2 – not applicable/nothing to report - Phase 2 is underway as of March 2019. 



https://ieeexplore.ieee.org/document/7933919/

https://ieeexplore.ieee.org/document/8012316/

https://ieeexplore.ieee.org/document/8378482/

https://ieeexplore.ieee.org/document/8423529/
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Program Schedule and Milestones 
 Figure 2. XAI Program Schedule and Milestones 


  
 


Evaluation 


The XAI program Evaluator (Naval Research Laboratory) is the government team tasked with evaluation 
of XAI systems to measure explanation effectiveness and ML model performance. The Evaluator team is 
currently (as of April 2019) in the process of summarizing the Phase 1 results from the various developer 
teams, based on their individual challenge problems, user studies, and evaluations with the prototype 
XAI systems. 


The Evaluator team is also currently in the process of defining milestones and requirements leading up 
to Evaluation 2 (e.g., developer team challenge problem plan, pilot study design, and pilot study 
execution and analysis). 
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Title 
Causal Models to Explain Learning (CAMEL) 


Team Composition 
Charles River Analytics, Inc., James Tittle, Principal Investigator, jtittle@cra.com 
University of Massachusetts - Amherst, David Jensen 
Brown University – Amherst, Michael Littman 


Problem Statement 
The goal of the effort is to help users understand, trust, and manage machine learning (ML) techniques 
of AI systems using Causal Models to Explain Learning (CAMEL), which offers explanations based on 
causality, a concept that has been shown to be critical to creating explanations that humans understand 
and trust. The core of CAMEL involves developing ways to learn causal models to support explanation of 
AI systems. To explore causal model-based explanations, CRA is addressing two challenge problem 
domains: pedestrian detection for data analytics, and the Atari game Amidar for autonomy. In 
pedestrian detection, the AI under consideration is a convolutional neural network (CNN), and its goal is 
to correctly classify images as containing pedestrians or not containing pedestrians. The task is to 
provide explanations for the internal processes of the AI system to enable the user to understand how it 
produces its classification. In autonomy, the AI system is a deep reinforcement learning (RL) policy 
network, and its goal is to play the Atari game Amidar while scoring a maximum number of points (e.g., 
it instructs the player in the game to go “up”, “down”, etc.). The task is to provide explanations of the 
decisions and performance of the policy network. By building on strong principles of causality to support 
human-automation teamwork, CAMEL will provide an effective explanatory learning system that tightly 
integrates with users to more effectively leverage advanced ML capabilities. 


Approach and Technique 
The CAMEL approach uses causal and traditional models to describe the AI system’s internal processes 
that govern its mapping from input to output. Learning causal models is challenging for several reasons. 
First, explanations derived from the causal model must be framed in language that is semantically 
meaningful to the user. To address this issue, CAMEL uses a problem-specific explanatory dictionary that 
defines allowable concepts in an explanation. At a minimum, a dictionary contains the system inputs and 
outputs, but also contains important intermediate concepts as defined by domain experts. For example, 
a visual classifier dictionary might contain associations between pixels and shapes (lines, circles), as well 
as associations between shapes and higher-order objects, like people. Second, understanding which 
concepts are encoded into an ML technique, and how they causally relate is challenging due to the huge 
concept space. CAMEL uses novel causal model learning that leverages the structure in the dictionary 
and techniques in optimal experimental design to quickly converge on causal factors that determine 
system outputs.  


To present explanations based on the learned causal model, CAMEL provides users with an Explanation 
Interface (EI) that integrates emerging approaches to narrative generation. Within the EI, CAMEL uses 
computational narratives to produce easily understandable explanations that address the user’s 
operational needs. Because CAMEL’s modeling framework infers a detailed and complex graph of the 
system’s causality, narratives are a natural form to communicate the temporal, spatial, and intentional 
information about causally related events, such as the relationships between data, model execution, 
and output. CAMEL represents hierarchical breakdowns of causality as plan operators to generate 
narratives at the desired level of abstraction and leverage the most appropriate medium at any time 
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(e.g., images, graphs, and tables) to significantly reduce cognitive load and increase comprehension. The 
architecture of the Pedestrian Detection system can be seen in Figure 1. The incoming data is first 
processed by the original pedestrian detection network. Given the system’s response, a distillation of 
the internal processes of the network is performed in order to extract what features were recognized by 
the network (specifically, dimensionality reduction via convolutional auto-encode). The semantic labels 
(e.g., shoulder, foot, background) were identified via a semi-supervised labeling process. The condensed 
representations are passed to the causal model, which determines the level of impact each 
representation had on the system output (e.g., by performing simulated counterfactual queries by 
“turning off” the presence of certain features). The narrative generator converts the numerical results 
into a human-understandable explanation as to how the pedestrian detection formulated its output. 


Figure 1: System Architecture for Pedestrian Detection 
              


 


Key Objectives and Current Status 
In Pedestrian Detection, distilled representations of the activations of the convolutional layers are used 
to identify semantically meaningful features in inputs that are important to the AI system’s 
classification. An example of the Pedestrian Detection EI can be seen in Figure 2, which shows where the 
important features identified by the network are identified, and the flow of influence of those features 
on the system output. The influence diagram illustrates how classification of the image presented at the 
top of the diagram is related to node activation across different layers of the classifier network. The 
influence between nodes is coded by the thickness of lines connecting nodes in the influence diagram. 
With this information, the user can simultaneously compare a feature’s semantic label with a visual 
representation of the auto-encoder output. Both the narrative text and the influence diagram also show 
the most influential features in determining the ML classification. The narrative Text and Influence 
Diagram provide complimentary information about the relative activation and influence of individual 
features that contributed to the ML classifier output of the presence of a pedestrian in the input image 
used for this example. Influence between feature nodes is coded by line thickness, and the most 
influential set of features in this particular classification is shown by the golden path coded as a yellow 
line in the interface. 
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Figure 2. CAMEL EI showing the Classification Narrative (right panel), and Influence Diagram (central panel) for the input image 
shown in the upper left side of the interface 


                        


 
 


In studying explanations for Amidar playing RL agents, it was discovered that the AI system was 
extremely sensitive to small perturbations in its input. In fact, it only performed well if the given 
conditions were virtually identical to well traversed sets of conditions seen many times in training. 
Therefore, explanations are given for how well the agent is likely to perform in its given environment. 
Given the dependence of agent performance on the similarity in the current environment to training, 
the distance from the networks representation of the environment (using its feature embedding: the 2nd 
to last layer in the policy network) to the nearest point in the training set is used. Additionally, the error 
in the network’s estimation of the state value is computed. These two values are used together and are 
graphically presented to the user, along with a narrative description of what these values mean in terms 
of agent trustworthiness. An example of the Amidar agent EI can be seen in Figure 3. The graph in the 
middle panel shows the distance from the network’s representation of the environment (using its 
feature embedding - the second to the last layer in the policy network), to the nearest point in the 
training set plotted against the computed error in the network’s estimation of the state value. 


Figure 3. AMIDAR Game playing agent EI 
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Test and Evaluation 
The CAMEL Pedestrian Detection EI was evaluated in a study with 22 participants using a task based on 
the Richly Annotated Pedestrian data set. The study used a between-subjects design in which 11 
participants viewed the output of the ML pedestrian classifier with the CAMEL EI (as shown in Figure 2), 
and 10 partipants viewed the output of the classifier through a control interface that displayed the 
system classification (pedestrian detected vs. pedestrian not petected), but provided no explanation 
underlying that classification. The evaluation design included two tasks: 1) System Acceptance Testing – 
which involved viewing the output of the ML classifier on 40 images either with or without explanations, 
and afterwards filling out a questionnaire about system acceptance; 2) System Prediction – consisting of 
25 trials showing a potential input to the system, and then eliciting a user response predicting system 
performance. 
 
After the acceptance testing task, all participants were given both trust and user acceptance 
questionnaires. In addition, explanation satisfaction and interface usability questionnaires were 
administered to participants in the EI condition. All questionnaires used a five point Likert scale, and 
only included positive statements about either the ML classifier or the EI so that higher scores always 
indicated more positive user assessments of the ML classifier or the EI. Upon the completition of the 
appropriate questionnaires, all participants conducted the same system prediction task. For the 
prediction task, participants were instructed that the study observers would be attempting to assess 
their understanding of the automated system by asking them to look at a series of 25 images, and 
predict the output of the automated classifier they had just observed in the user acceptance task.  
 
The results from the user questionnaires are consistent with expectations that the CAMEL EI for an 
automated system would increase user judgements of system acceptance and trust. During the debrief 
sessions many participants expressed their preference for specifically having multiple representations 
(text and graphic) in the explanations. Although there were reported individual differences expressed 
with some indicating they would first look at the narrative text and then dive into details of the 
influence diagram, while others preferred to start with the influence diagram before moving on to the 
narrative text. This finding was supported by the questionnaire results for explanation satisfaction and 
usability/usefulness. These results, provided by just the EI condition participants, showed that the 
explanations were overall considered satisfactory and the interface was usable/useful. Although the 
user acceptance and trust questionaire results showed a positive impact of explanations, this was not 
shown by the results of the system prediction task. However, there are many potential difficulties 
interpreting the prediction task results, with the most prominent being the relatively small number of 
training trials in the user aceptance task (40 images), the memory demands created by asking 
participants to complete questionaires between the user aceptance and prediction tasks, and the fact 
that the two longer questionnaires were conducted only by the participants in the EI condition. These 
factors suggest that more direct measures of user mental models should be preferred for future studies 
of AI explanation systems.  


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
User Acceptance Increase user acceptance with 


explanations 
Explanations significantly increased 
user acceptance vs. no explanation 


User Trust Increase user trust with explanations Explanations significantly increased 
user trust vs. no explanation 


Explanation Satisfaction Show high explanation satisfaction Satisfaction above scale mid-point 
Interface Usability Show high interface usability Usability above scale mid-point 
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System Prediction Increase user prediction performance 
with explanations 


explanations did NOT significantly 
increase user system prediction  


 
 
 


Numerical Value Hypothesis  
Results 


User Machine  
Task 


 With Explanation Without 
Explanation 


User-Acceptance 3.8 3.1 Significant, p < 0.05 Likert scale (1 – 5) 
 


 Numerical Value Hypothesis  
Results 


Trust 
Measure  With Explanation Without 


Explanation 
User Trust 3.7 3.1 Significant, p < 0.05 Likert scale (1 – 5) 


 
 Numerical Value Hypothesis  


Results 
Goodness  
Measure  With Explanation Without 


Explanation 
Explanation 
Satisfaction 


3.9 N/A NA Likert scale (1 – 5) 


 
 Numerical Value Hypothesis  


Results 
Goodness  
Measure  With Explanation Without 


Explanation 
Interface Usability 4.1 N/A NA Likert scale (1 – 5) 


 
 Numerical Value Hypothesis  


Results 
Trust  


Measure  With Explanation Without 
Explanation 


User System 
Prediction 


55% 64% Significant, p < 0.05 Percentage correct 


 
 
Sam Witty, Jun Ki Lee, Emma Tosch, Akanksha Atrey, Michael Littman, and David Jensen (2018). 
Measuring and Characterizing Generalization in Deep Reinforcement Learning. 
James Tittle, James Niehaus, Jeff Druce, Michael Harradon, Emilie Roth, and Martin Voshell (2019). 
Evaluation of an AI System Explanation Interface. Accepted for the 14th International Conference of 
Naturalistic Decision Making, June 2019. 
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Title 
Explainable QUestion Answering System (EQUAS) 


Team Composition 
Raytheon BBN Technologies (Raytheon BBN), William Ferguson, Principal Investigator, 
wferguson@bbn.com 
Georgia Tech Research Corporation, Dhruv Batra 
University of Texas Austin, Raymond Mooney  
Massachusetts Institute of Technology, Antonio Torralba 


Problem Statement 
Raytheon BBN’s challenge problem is the GuessWhich game where a human user/player sees a small 
number of images, and the AI system has been told that a randomly selected image is the right one. The 
user asks questions and the visual question answering (VQA) system answers them as best it can with 
regards to the secretly chosen image. The user then guesses which image the computer is talking about. 
The game is run with and without explanations provided for each answer and the user’s guess accuracy 
is measured in each case. 


Approach and Technique 
The design of the EQUAS system draws heavily on pedagogical and argumentation theories to provide 
principles governing what elements are important for explanation, what the explanation space should 
look like, and what kinds of activities a user will want to perform while interacting with the system. 
When this is achieved, the user will have a “lucid interaction” with the system and know intuitively how 
to do what they want to do next. 


Argumentation theory suggests that an act of explanation or argument can (and arguably should) be 
supported by analytics (explicit statements), prior similar cases, and visualization. Additionally, 
preferences against alternative choices (i.e., contrastive arguments) must be explicitly presented. 
Likewise, from the theory and practice of interactive pedagogy, learners need: didactic instruction (i.e., 
explicit presentation of knowledge); examples (i.e., prior supporting cases); problems to work through 
(i.e., relevant subsets of data that allow the user to construct their own model of decision-making); and 
counterexamples that refute common misconceptions. Argumentation and pedagogical theory align to 
provide a solid foundation to define the EQUAS “explanation space”: analytics, visualization, cases, and 
rejected alternatives. 


EQUAS explanations show: 


1. What recognized components support its choice; 
2. What part of the data it found salient; 
3. What known cases exemplify its choice; and 
4. Why it rejected close alternatives. 


In Phase 1, Raytheon BBN tested natural language explanations and “heat map” explanations (where the 
regions of the image that the system paid attention to are highlighted).  


The following is the current architecture for the EQUAS system. (Note: evaluation of explanations is 
conducted with simpler interfaces designed for focused on-line experiments.) 


  



mailto:wferguson@bbn.com





 
 
  XAI 


Raytheon BBN, 2 
Approved for Public Release, Distribution Unlimited 


 


Figure 1. EQUAS architecture 
            


 


Below in Figure 2 are some example screenshots from the EQUAS GuessWhich studies. The top figure 
shows the experimental interface with no explanations. The subject has asked the question “Is it 
outside” and he the system has answered yes. The chosen image, the one that the system providing 
answers and sometimes explanation for, is the one in the bottom right quadrant of each screenshot. The 
bottom right image shows text explanations (the explanation has to associated with all of the images 
even though it is only correct for one of them, so as not to give the answer away) and the bottom left 
show heat map explanations. 
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Figure 2. EQUAS example screenshots from GuessWhich studies. (Top) Interface with no explanations; (Bottom) Interface with 
explanations; (Bottom left) Heat Map explanations; (Bottom right) Text explanations 


  


 


 
                                              


Key Objectives and Current Status 
While the EQUAS project has only evaluated partial explanation systems during Phase 1, by the Phase 2 
the intent is to produce a unified, graphical user interface to a VQA system. Currently, there is a 
prototype system that can display text and heat map explanations; the prototype also allows the user to 
explore a large database that includes all of the images, questions, and answers on which the underlying 
VQA system was trained. The user interface to this database constitutes EQUAS’s global explanation 
capability. During Phase 2, the team plans to evaluate this interface and apply it to a dataset that is an 
analogue to Department of Defense-relevant domains (such as overhead imagery). 


Table 1 below identifies the EQUAS measures, objectives, and actuals to date. 


 Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
User/machine task performance Improve user/machine performance at 


the GuessWhich task 
Within subjects results show no 
significant effect for heat map 
explanations, but significant effect for 
text explanations 


Mental model understanding Improve user ability to predict the VQA 
system’s answers to questions 


Heat map explanations produced no 
effect in general, but positive effect 
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when used with single questions, e.g., 
”What animal is this?” 


Explanation satisfaction Provide heat map explanations that are 
satisfying to the user 


Satisfaction was slightly above neutral, 
not a very positive result 


Multi-modal explanation satisfaction Increase user satisfaction for text 
explanations by biasing them to refer to 
aspects of the image that were 
recognized by the system 


Such explanations are statistically 
significantly more satisfying 


Explanation goodness: faithfulness Correlation between heat map and an 
“optimal” occlusion map in which pixels, 
when turned to noise, most alter the 
VQA answer  


High correlation (see below); not 
surprising since both are computational 
measures of salience 


Explanation goodness: correctness Correlation between heat map 
explanation user “heat map” (from de-
blurring experiments) 


Some correlation; perfect correlations 
would be unlikely since people have to 
make guesses about where to de-blur 


Appropriate trust Use explanations to enhance a user’s 
ability to judge which of two VQA 
systems was more competent, thus 
enabling appropriate trust 


Heat map explanations provide 
substantial ability for users to predict 
relative VQA competence 


      
 
 


Numerical Value Hypothesis  
Results 


User Machine  
Task 


 With Explanation Without Explanation 
User-Machine Task 
Performance: heat map 
explanations 


36% 35% Not significant GuessWhich 


User-Machine Task 
Performance: text 
explanations 


45% 31% P <  0.05 GuessWhich 


 
 Numerical Value Hypothesis  


Results 
Mental Model Task 


 With Explanation Without Explanation 
Mental Model 
Understanding 


66 67 Not significant Prediction correctness 


Mental Model 
Understanding: single 
pre-determined question 


80 67 P < 0.05 Prediction correctness 


 
 Numerical Value Hypothesis  


Results 
Satisfaction  


Measure  With Explanation Without Explanation 
Explanation Satisfaction  3.2 – 3.5 Did not test Significant, p < 0.05 Likert scale, range of 


responses 


 
 Numerical Value Hypothesis  


Results 
Goodness  
Measure  With Explanation Without Explanation 


Explanation Faithfulness 0.60 N/A P < 0.05 Faithfulness 
Explanation Correctness 0.14 N/A P < 0.05 Correctness 


 
 Numerical Value Hypothesis  


Results 
Trust  


Measure  With Explanation Without Explanation 
Appropriate Trust/ 
Reliance 


e.g., 1.3 1  e.g., 0 – 2 (0 is bad, 2 is 
good) 


Appropriate Trust/ 
Reliance 


1.3 0 Significant 0 random; 
2 perfect prediction 


 


Test and Evaluation 
Phase 1 results suggest that text explanations produce significant user/machine collaboration benefits, 
whereas heat maps alone may not. The team has also demonstrated that heat map explanations agree 
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with what areas users think are relevant, and that they can help users determine which AI systems are 
superior in general form single examples. EQUAS text explanations were rated as relevant and useful. 


Jialin Wu, Raymond J Mooney. Faithful Multimodal Explanation for Visual Question Answering. 
arXiv:1809.02805. 


A. Das, H. Agrawal, C.L. Zitnick, D. Parikh, D. Batra. Human Attention in Visual Question Answering: Do 
Humans and Deep Networks Look at the Same Regions? Conference on Empirical Methods in Natural 
Language Processing (EMNLP), 2016. 


Ramprasaath R. Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna Vedantam, Devi Parikh, Dhruv 
Batra. Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization. 
arXiv:1610.02391. 


Arjun Chandrasekaran, Viraj Prabhu, Deshraj Yadav, Prithvijit Chattopadhyay, Devi Parikh. Do 
Explanations Make VQA Models More Predictable To A Human? Conference on Empirical Methods in 
Natural Language Processing (EMNLP), 2018.  


For additional information: 


http://bit.ly/ganpaint (a generative adversarial network paint demonstration using named components 
(aspects of an image generating system) to control a created image –  a painting program that works 
with concepts instead of paint). 



http://bit.ly/ganpaint
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Title 
Deeply Explainable Artificial Intelligence (DExAI): Saliency Driven Retrieval 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
Kitware, Inc., Roddy Collins  


Problem Statement 
This effort addresses exemplar-based image retrieval, in which the user searches a large image archive 
for relevant images. Rather than specifying the target via a text string, the user supplies a query image 
containing the target. The baseline system retrieves similar images and allows the user to supply yes/no 
relevance feedback, which the system uses to re-rank the results so that higher-ranked results are more 
relevant to the user. 


However, the fundamental process of why some images are retrieved while others are not is opaque to 
the user. The baseline system converts all images (query and retrievals) into fixed-sized feature vectors, 
essentially "hashing" the image content into a semantically uninterpretable set of numbers which can be 
compared but not explained. If a query image and an associated retrieval result both contain a red car 
next to a blue lake, was the retrieval selected because of the car? Or was the retrieval selected because 
of the lake? Or neither? There is no way to tell via direct inspection of the feature vectors. 


Approach and Technique 
Given an query image Q and a retrieved image R, a saliency map can be generated highlighting which 
regions in R most affect the match to Q. As shown in Figure 1, Q and R are represented by their feature 
vectors vQ and vR; their initial match score is D==||vQ-vR||. The map is generated by repeatedly 
masking small blocks in R to yield R', re-computing the feature vector vR', and computing  D' == ||vQ-
vR'||. If D' is substantially different than D, it can be concluded that the pixels under the mask play a 
significant role in why R was retrieved. Conversely, if D' is the same as D, it can be concluded that the 
pixels under the mask are not represented in the feature vector and thus do not contribute to the 
retrieval. Sliding the mask over the whole image yields the complete saliency map. 


Figure 1. Overview of computing a saliency map between query Q and result R 
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These saliency maps are presented to the user as the explanation of why any particular image was 
retrieved. The baseline system has been modified to compute saliency maps; the user study aims to 
determine if saliency maps allows the user to more efficiently search the archive by allowing them to 
more efficiently give feedback; the hypothesis is that the saliency maps allow the user to identify images 
whose relevant content is actually reflected in the underlying feature vectors which are used during 
retrieval. Figure 2 illustrates the query and system results both without and with saliency maps. 


Figure 2. Query and results without (top) and with (bottom) saliency maps. The query is #2 on left. The saliency maps suggest #3 
and #5 were retrieved due to the guitar, while #4 was matched due to the face. 


  


 


Key Objectives and Current Status 
The team has implemented saliency maps on their baseline system (the open-source Social Media Query 
Toolkit, SMQTK) and adapted it for use with Amazon Mechanical Turk (AMT) to conduct user studies 
measuring how retrieval accuracy improves when saliency maps are available to guide how feedback 
should be given. To date, a small pilot study with 24 users has been conducted (see Table 1). 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
User-Machine Task Performance Increase retrieval accuracy Results suggest saliency maps help 


when the target object is not too small 
Explanation Satisfaction Measure if user believes the retrieved 


image was matched to the target object 
in the query 


Likert scale 


             


Test and Evaluation 
The user study consisted of 12 query images, each presented to a set of three users twice: once with 
saliency maps and once without (the set of three users was different between the two cases). Each 
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query image (and the underlying image archive) was selected from the MS-COCO dataset; the query 
contained two concepts (e.g., "cat" and "sink"). One of the two was randomly selected as the target; the 
task was to retrieve as many instances of the target from the archive as possible in two rounds of 
retrieval + feedback (keep in mind that the user can only query with an image; there is no way to directly 
communicate the target concept to the system). The hypothesis is that the users with saliency maps 
could more effectively judge how to give feedback, and thus would achieve higher performance. 
Additionally, all users, after giving feedback, were asked to rank the statement "I have high confidence 
the correct object in the retrieved image is matched to the target object in the query image" on a Likert 
scale of 1 - 5 (1 == strongly disagree, 5 == strongly agree). 


Figure 3 (top) shows the retrieval accuracy for the twelve concepts; the red bar indicates retrieval 
accuracy when saliency maps are shown; the blue bar indicates when saliency maps where not shown. 
The bottom graph shows the Likert scores for each concept and with/without condition. Half of the 
concepts had higher accuracy with saliency; half had higher accuracy without. The Likert scores strongly 
correlated with relative accuracy (i.e., if the with-saliency map had a higher score, then the with-saliency 
Likert score tended to also be higher, and vice versa). Analysis of the users' feedback demonstrated 
some issues in the protocol, in particular, to avoid negligent or trivial responses, it was required that 
feedback be given on every result. This is artificially constraining, because the underlying system does 
not require feedback on every image, and there is no way to positively award neutral feedback. This 
forced users to make a relevant/not relevant case even when ambiguity may have been more 
appropriate (for example, a result might have three cats, but the saliency map only highlights one). It is 
expected that refinement of the protocol, as well as expanding both the number of users and the 
number of query images, will yield less ambiguous results. 


Figure 3. (Top) Concept retrieval accuracy; (Bottom) Likert scores 
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Bo Dong, Roddy Collins, and Anthony Hoogs. Explainability for Content-Based Image Retrieval, in 
submission to the CVPR 2019 Explainable AI Workshop. 


https://github.com/Kitware/SMQTK 



https://github.com/Kitware/SMQTK
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Title 
Tractable Probabilistic Logic Models: A New Deep Explainable Representation 


Team Composition 
The University of Texas at Dallas (UTD), Vibhav Gogate, Principal Investigator, 
vibhav.gogate@utdallas.edu 
UTD: Nicholas Ruozzi, Tahrima Rahman  
University of California, Los Angeles: Adnan Darwiche, Arthur Choi, and Guy Van den Broeck,  
University of Florida: Eric Ragan  
Indian Institute of Technology Delhi: Parag Singla  


Problem Statement 
UTD’s focus is on the following activity recognition task: given a video and a predefined set of activities 
(including ‘None’), assign an activity to each frame of the video. Recent advances in machine learning 
(ML), specifically, deep learning, can be leveraged to accurately solve this task, assuming that ample 
labeled (video) data is available for training. Despite high accuracy, a hallmark of many deep learning 
techniques, the learned algorithms/models are not easily “interpretable” by developers and end-users. 
In particular, most deep learning methods return a black box solution from which it is difficult to 
ascertain the reasoning behind the provided answers. This lack of interpretability is often undesirable, 
especially for solving interactive human-machine tasks where the user seeks to solve a task or make 
decisions with the aid of a ML system. In such cases, the users need to trust the predictions of the 
system and be able to easily determine when the ML system is (typically) correct and when it is not. To 
facilitate this, the system should be such that both its functioning, and the reasoning behind its actions, 
are clear to the users, i.e., the system should be explainable. 


Approach and Technique 
UTD developed a tractable probabilistic model (see Figure 1) for activity recognition that is 
interpretable, accurate, and explainable; as well as a visual interface (see Figure 2) so that users can 
interact with and understand the model. They showed experimentally, using ML evaluation metrics and 
user studies, that it helps improve the users’ trust and understanding of the system. The probabilistic 
model has two layers. The top layer, with which a user interacts, is a tractable, interpretable 
probabilistic graphical model, specifically a cutset network. Unlike conventional graphical models, such 
as Bayesian and Markov networks in which probabilistic inference is NP (non-deterministic polynomial-
time)-hard in general and inaccurate in practice, cutset networks are desirable in that they admit 
accurate linear-time inference and often have the same generalization performance as Bayesian and 
Markov networks. The bottom layer of the UTD model is a deep neural network that yields accurate 
predictions, which are fed into the cutset network layer. A possible interpretation of this model is that 
the deep learning layer provides noisy sensory inputs to the cutset network layer, which in turn removes 
the noise and provides accurate, efficient explanations. The latter is possible in a cutset network but not 
in a neural network because the cutset network is a tractable model in that it can yield poly-time 
(efficient) explanations by performing (abductive) probabilistic inference over the learned network. To 
model temporal aspects in video, UTD further refines this model, proposes a novel temporal 
probabilistic modeling framework called dynamic cutset networks, and shows that it improves the 
estimation accuracy. 


Figure 1 illustrates the high-level architecture and data processing pipeline, which includes a video 
classification layer based on deep learning, whose output is fed to an explanation layer which is based 
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on cutset networks [Rahman et al., 2014], a tractable interpretable probabilistic model. During the 
learning phase: the classification layer uses the video and the ground truth (labels) as input and learns a 
mapping from frames to object, action, and location; and the explanation layer uses the labels predicted 
by the classification layer and ground truth as input and learns a mapping from predicted labels to the 
ground truth. During the query phase, the system answers questions by performing marginal and 
maximum a posteriori probability inference over the cutset network (in the explanation layer). 


Figure 1: High-level architecture and data processing pipeline 
   


 
               


 
Figure 2 illustrates the interactive visual interface which allows users to load videos and make queries. 
The left side of the figure shows the interface without explanations, which only shows the ML system’s 
answer. The right side of the figure shows the interface with explanations, which shows the ML system’s 
answer along with explanatory elements for the output. The most relevant portions of the video 
playtime are shown by colored bars beneath the video, and the right side of the interface shows 
detected video components and combinations of components relevant to the video and query. 


Figure 2. Interactive visual interface 
 


  
                      


Key Objectives and Current Status 
The objective of the UTD system is two-fold: 1) perform accurate activity recognition in videos, and 2) 
compile knowledge (acquired while learning to recognize activities) into an explanatory model. The 
latter can then be used to explain why a particular activity was assigned to a frame by the system. Users 
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interact with the system by posing so-called selection questions after choosing a video (see Figure 2): 
“Did a particular activity defined by the triple (action, object, location) happen in the video?”, where 
object and location can be “None,” but action is not allowed to be “None.” Examples of selection 
questions include:  


• “Did the person slice an orange on the counter?”, where slice, orange, and counter denote 
the action, object, and location respectively;  


• “Did the person take out grapes from the refrigerator?”, where take out, grapes, and 
refrigerator denote the action, object, and location respectively; and 


• “Did the person open the refrigerator?”, where open and refrigerator denote action and 
object respectively and location is none. 


The system (see Figure 2) generates three types of explanations: 


1. Video Explanations: when the system answers “yes,” the system should highlight segments 
(possibly more than one) of the video where the activity happened. For “no” answers, the 
system should highlight segments where a related activity happened, e.g., carrots were cut 
in the video, but not oranges. If no related activity is found in case of a “no answer,” the 
system should output the most likely activity in the video; 


2. Ranked (action, object, location) Triples: the system should display top-k predicted activity 
triples in the video that are relevant to the query; and 


3. Most Probable Entities: the system should display the most probable actions, objects, and 
locations (along with their likelihood) that are relevant to the query. 


Table 1 below identifies the measures, objectives, and actuals to date for the UTD XAI system. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Human-machine response 
correctness 


Increase human-machine accuracy Significant improvement in human-
machine correct responses with the 
correct explanations compared to the 
base AI without explanations 


The addition of incorrect explanations 
significantly decreased response 
correctness compared to the base AI 


Human-machine response time Reduce human-machine response time Significant improvement in human-
machine response time with the correct 
explanations compared to the base AI 
without explanations 


The addition of incorrect explanations 
significantly worsened response time 
compared to the base AI 


Human prediction of AI response Improve understanding of AI to increase 
accuracy of predicting AI output 


No significant improvement in human 
prediction of AI output 


Human-machine agreement Increase trust in AI by increasing 
agreement with AI results 


Agreement was significantly higher 
with correct explanations than no 
explanations, and agreement was 
significantly lower with incorrect 
explanations than with no explanation 


Human satisfaction Increase satisfaction in AI system No significant differences in satisfaction 
ratings 
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 Numerical Value Hypothesis  


Results 
User Machine  


Task  With Explanation Without 
Explanation 


User-Machine Task 
Correctness 


90.26% 86.88% Significant, p < 0.001 Human-machine 
query correctness 


User-Machine Task 
Time 


517.42 seconds 986.25 seconds Significant, p < 0.001 Human-machine 
query response time 


 
 Numerical Value Hypothesis  


Results 
Trust  


Measure  With Explanation Without 
Explanation 


Appropriate Trust/ 
Reliance 


78.95% 74.38% Significant, p < 0.01 User agreement with 
AI output 


 
 Size Length Type 
User Study 123 20 trials; 3 conditions AMT 


Between-subjects 
 


Test and Evaluation 
In order to evaluate the system, UTD designed two experiments using the The Saarbrücken Corpus of 
Textually Annotated Cooking Scenes (TACoS) video dataset and annotations. They performed a model 
evaluation to measure how successful the system is at recognizing activities, and they performed a user 
study to assess system trust and utility. 
 
UTD selected 60,313 frames for training and 9,355 frames for testing distributed over 17 videos. For 
each set, they selected a set of ground labels and used the video classification layer to generate the 
predicted labels. They performed exact inference over conditional cutset networks (CCN) and used 
particle filtering with 100 particles for inference in dynamic CCNs (DCCN). They performed the following 
ablation study: (1) the system in which the explanation layer is removed (GoogLeNet); (2) the system 
which uses (static) conditional cutset networks in the explanation layer (CCNs); and (3) the full system 
(dynamic CCNs). 
 
UTD also conducted a user study (n = 23) to evaluate the overall effectiveness of the system for 
machine-assisted activity recognition. Participants were tasked with the review of cooking, and they had 
to answer given queries about where certain activities or objects were present in each given video clip. 
The first part of the study measured participants’ abilities to accurately answer each query in a repeated 
number of trials using the system. The later part of each study session was a prediction task to assess 
whether participants could predict the output of the system for a given video and query. This study 
compared three versions of the system: (1) the system with explanations disabled, (2) the system with 
the correct explanations enabled, and (3) the system with intentionally incorrect explanations enabled. 
Overall, the results demonstrate that the proper addition of explanations significantly improved task 
performance based on both speed and accuracy of the activity recognition task; but no effects were 
detected for the task of predicting AI output. Furthermore, the results showed incorrect explanations 
significantly worsened performance. 
 
Chiradeep Roy, Mahesh Shanbhag, Tahrima Rahman, Vibhav Gogate, Nicholas Ruozzi, Mahsan Nourani, 
Eric D. Ragan, and Samia Kabir. Explainable Activity Recognition in Videos using Dynamic Cutset 
Networks. ACM IUI Workshops 2019. (also under review, IJCAI 2019) 
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Title 
Model Explanation by Optimal Selection of Teaching Examples 


Team Composition 
Rutgers University - Newark, Patrick Shafto, Principal Investigator, patrick.shafto@rutgers.edu 
Rutgers University - Newark, Scott Cheng-Hsin Yang  


Problem Statement 
The Rutgers team works on the challenge problem area of data analytics. The goal is for users of the 
Explanation-by-Examples system to be able to better understand the inference of black-box machine 
learning models. This understanding will be reflected in the users’ ability to better predict the models’ 
predictions and hence help the users to figure out the strengths and weaknesses of the models. The 
current focus is on the problem of image classification. Image classification is a core component of 
computer vision and underlies a wide range of applications, such as facial recognition, disease 
diagnoses, image search, and surveillance. It has seen great advancement in the past decade due to the 
development of deep learning and the curation of large, high-quality datasets. Rutgers’ Explanation-by-
Examples system will be developed on machine learning models ranging from simpler, lower-performing 
models trained on small datasets and scaling up to state-of-the-art deep learning models trained on 
state-of-the-art datasets. 


Approach and Technique 
The engine of the Explanation-by-Examples system (see Figure 1) is based on Bayesian Teaching. In 
short, Bayesian Teaching is a framework developed in cognitive science for selecting a small subset of 
the training data that will, with high probability, lead a learner to the inference of a target model (the 
black-box models trained on the entire training corpus). This framework is model-agnostic and can be 
applied to any probabilistic model. Deep learning models are included as they can be easily made 
probabilistic by replacing the model’s output layer with a probabilistic model. The explanations, being 
examples from the training data, are naturally understandable to domain expert users and not restricted 
to a particular form. The framework also offers a model-based measure of explanation goodness that 
can be derived from the selection probabilities of examples. 


Figure 1. Overview of the Explanation-by-Examples system 
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Key Objectives and Current Status 
The primary objective is that users of the Explanation-by-Examples system will be able to better predict 
the prediction of the model of interest. The complementary, higher-level objective is that the system 
will help users form an understanding of the competencies and incompetencies of the model and 
thereby foster appropriate trust and usage of the model. The current system can provide explanations 
for ResNet50, a commonly used high-performing convolutional neural network, by selecting examples 
from ImageNet, which contains 1,000 categories with roughly 1,000 images per category. The current 
system is configured in a way that can be easily applied to any pre-trained feedforward and convolution 
neural networks for classification trained on datasets of similar size to ImageNet. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 


Mental model understanding Increase user prediction accuracy System-generated examples increased 
user prediction accuracy vs. no 
examples, random examples, or 
unhelpful examples 


Explanation satisfaction Increase user satisfaction System-generated examples marginally 
increased user satisfaction vs. random 
examples 


Note: Explanations and examples are synonymous in the Explanation-by-Examples framework. 
 


 Numerical Value Hypothesis Results Mental Model Task 


Helpful 
Examples 


Random 
Examples 


Unhelpful 
Examples 


Mental Model 
Understanding 


72.5% 69.3% 66.6% Significant, p = 0.013 
(planned contrast: 
helpful > random > 


unhelpful) 


Prediction Accuracy 
(PLDA on CAFE) [1] 


Note: Explanation goodness is implicitly reflected in the prediction accuracies. 
 


 Numerical Value Mental Model Task 
Helpful 


Examples 
Helpful 


Examples + 
Labels 


Random 
Examples 


Random 
Examples + 


Labels 


Labels Only 


Mental Model 
Understanding 
(familiar categories, 
correct prediction) 


93% 91% 76% 75% 93% Prediction Accuracy 
(ResNet50 on ImageNet) [2] 


Mental Model 
Understanding (unfamiliar 
categories, correct 
prediction) 


70% 78% 66% 62% 65% 


Mental Model 
Understanding (all 
categories, 
incorrect prediction) 


36% 37% 32% 38% 36% 


Note: Detailed statistical analyses will be reported in [2]; Explanation goodness is implicitly reflected in the prediction 
accuracies. 
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 Numerical Value Satisfaction Measure 


Helpful Examples Random Examples 


Explanation 
Satisfaction 


2.23/4 2.17/4 Likert Scale with 4 options 
(ResNet50 on ImageNet) [2] 


Note: Detailed statistical analyses will be reported in [2]. 
 


 Size Length Type 


User Study (PLDA 
on CAFE) [1] 


105 subjects 120 Trials, 3 
conditions 


AMT (between) 


User Study 
(ResNet50 on 
ImageNet) [2] 


116 subjects 150 Trials, 6 conditions AMT (between) 


                                                                                         


Test and Evaluation 
Rutgers designed psychophysical experiments to test the explanation effectiveness of the system. The 
general design is a two-alternative forced choice task where the users are asked to predict the 
predictions of a target machine learning model on test images. The trials are balanced across the correct 
and incorrect model predictions. Between-subject conditions include with-explanation vs. without-
explanation as well as comparisons between explanations of different model-based goodness. All test 
evaluations to date have been conducted on Amazon Mechanical Turk (AMT). Evaluation results show 
the conditions under which explanations generated by the Explanation-by-Examples system improve 
user prediction accuracy. 


[1] Wai Keen Vong, Ravi B. Sojitra, Anderson Reyes, Scott Cheng-Hsin Yang, and Patrick Shafto (2018). 
Bayesian teaching of image categories. In Proceedings of the 40th annual conference of the Cognitive 
Science Society. 


[2] Scott Cheng-Hsin Yang, Wai Keen Vong, Ravi B. Sojitra, and Patrick Shafto (2019). Explainable artificial 
intelligence by optimal selection of teaching examples. In Preparation. 


https://imagenet-label-teaching.appspot.com/demo 



https://imagenet-label-teaching.appspot.com/demo
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Title 
Transforming Deep Learning to Harness the Interpretability of Shallow Models: An Interactive End-to-
End System 


Team Composition 
Texas A&M University (TAMU), Xia (Ben) Hu, Principal Investigator, hu@cse.tamu.edu 
TAMU, Shuiwang Ji 
University of Florida, Eric Ragan  


Problem Statement 
With the prevalence of web applications, it has become much easier for the public to get access to 
various news items through different channels, such as news websites and social media. However, this 
kind of convenience also brings about the wide spread of fake news at the same time. Fake news is 
detrimental to both individuals and society, and it is usually generated as hoaxes to mislead public 
through false or biased information. In 2016, the term "Fake News" was even shown as the word of the 
year by Macquarie Dictionary. Though its increasing importance, effective fake news detection is still 
considered to be a challenging task due to the following two aspects. First, fakeness of news could come 
from diversified perspectives, which is beyond the boundaries of traditional textual analysis. For 
example, a fake news item may result from its contexts or speaker, and it may not directly relate to its 
content information. The source of fakeness is highly dependent on each specific instance. Second, 
fakeness detection results need further explanation, which is important and necessary for users' final 
decisions. The explanation could provide evidences on model predictions and further help users better 
understand why certain news items are classified as fake news.  


Considering these two challenges, TAMU has designed and implemented an explainable system, named 
XFake, on fake news detection. In particular, three different frameworks (MIMIC, ATTN, and PERT) are 
designed to analyze news items from different perspectives. MIMIC aims to judge each news item from 
its attribute information, which may include news statement, speaker, etc. ATTN’s goal is to investigate 
each news statement through its semantic meaning. PERT is employed to study the linguistic features of 
news statements for detection. All three designed frameworks are self-explainable, where relevant 
explanations could be extracted for interpreting detection results. The system provides supporting 
examples for each news instance by a corresponding matching algorithm, and visualization of detection 
results for user-friendly interaction. Both supporting examples and visualization further assist users to 
understand why the system made a certain prediction on a given news. Overall, the XFake system is 
capable of not only giving prediction scores on news fakeness, but also providing relevant explanation as 
prediction evidences. With the aid of XFake, users can identify the news reliability. 


Approach and Technique 
The overall idea of the MIMIC framework is to mimic the performance of deep neural networks with the 
forest-based models. That is, the deep model is regarded as the teacher model; and the forest model is 
used as the student model. By calculating the node importance of each attribute in the mimic forest, the 
significance of each attribute in the input instance can be obtained. Further, through the constructed 
forest, users can better understand what happened in the prediction model, which provides users an 
overall transparency towards the model itself. The ATTN framework aims to build an interpretable deep 
learning model to deal with fake news detection. Several techniques are employed in the model, such as 
word2vec pre-trained word embedding, 1D convolutional network, and self-attention mechanism. The 
self-attention mechanism is employed because it can capture the long-range relationships between 
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words. The mechanism enables the system to obtain input dependent weights to realize interpretation. 
Furthermore, by applying different kernel sizes for the 1D convolutional network, interpretation results 
can be obtained based on one-gram, two-grams, or three-grams. The PERT framework aims to extract 
linguistic features from the statement of a news and then make predictions using the XGBoost classifier. 
The perturbation-based method provides explanation for each prediction. The goal for this part is to 
explain the fake news detection method using interpretable linguistic features. 
 


Figure 1. XFake system overview 
    


 
                     


Figure 2. Comparison of AI system and XAI system on fake news detection. 1) Conventional AI for fake news; 2) TAMU designed 
XAI system for fake news 


   


 


Key Objectives and Current Status 
TAMU hypothesized that XAI system users would have an improved mental model of the system, and 
higher user-machine task performance. Because they included different levels of explanation, they 
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hypothesized that the highest level of explanation detail would adversely impact participant 
performance. 
 
TAMU designed an experiment to test different types and levels of explanation detail in order to 
evaluate the effects on participant performance and model understanding. The results of initial studies 
supported the hypothesis that additional explanation information can improve understanding of the 
model. However, this result did not support the hypothesis that added explanation supports improved 
human task performance; however, this is logical due to the difficulty of the task. The error estimation 
results did not support the hypothesis that the highest level of explanation detail would be detrimental 
to understanding; but the time results did indicate that the highest level of detail did take longer for 
participants to process. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
User’s mental model To verify if explanations can increase 


user understanding of how the system 
works 


Additional explanation information can 
improve understanding of the model 


User-machine task performance To verify if users can achieve higher 
performance while working with an XAI 
system vs. a non-explainable system 


Additional explanation may or may not 
support improved human task 
performance 


          
 Numerical Value Hypothesis 


Results 
User Machine 


Task  With Explanation Without 
Explanation 


User-Machine Task 
Performance 


65% 64% No significant 
improvement among 
conditions 


Detecting fake news 
among other news  


 
 Numerical Value Hypothesis 


Results 
Mental Model Task 


 With Explanation Without 
Explanation 


Mental Model 
Understanding 


83% 72% Significant 
improvement, p = 
0.001 (for the best 
case) 


Predicting model’s 
response 


 
 Numerical Value Hypothesis 


Results 
Satisfaction 


Measure  With Explanation Without 
Explanation 


Explanation 
Satisfaction 


N/A N/A Significant, p < 0 Likert scale 


 
 Size Length Type 
User Study 147 2-steps study; average study 


time of 10 minutes 


Each participant performed 
16 news fact checking on 
each step 


Controlled study had six 
conditions 


AMT crowdsourcing study 


Between-subject study 
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Test and Evaluation 
Participants were instructed at different stages during the study. They were presented with text 
instructions and screenshots of components of the XAI system specific to their experimental conditions. 


There were two phases. The first phase, "Fact Check", asked participants to rate whether news was 
more likely to be true or false. They would use the XAI system (if present) to help them with this task. 
The second phase, "Prediction-guess", asked participants to estimate the recommendation of the XAI 
system. The overall recommendation was hidden, but different levels of XAI could be used to help 
participants guess. 


Figure 3 shows an overview of the study procedure and how the tasks were influenced by the 
experimental conditions. While there are two main phases, questionnaires were also used that asked 
participants to answer questions about their demographics, political leanings, news consumption, and 
experiences using the XAI system. 


Figure 3. Overview of the study procedure and task phases 
       


 
   


In the Fact Check Phase, participants used the XAI system to review news statements (one at a time) 
along with the corresponding output and explanations per the assigned experimental condition. 
Participants were tasked with assessing whether the news statement was true or false; they were free 
to decide whether or not to agree with the AI classification. After they evaluated a statement, the 
system showed the correct answer before allowing them to proceed to the next news statement.  


In the Guess Prediction Phase, following the Fact Check Phase, participants viewed 16 news statements, 
except their task was now to predict the classification output of the XAI system. In other words, rather 
than predicting the actual statement veracity, the goal was to predict how the model would assess the 
statement. This task was done as a way to evaluate participant understanding of the model based on 
their ability to infer its output for a new set of inputs. Questionnaires were used between main phases 
to collect information about the participants and their experiences. 


Mohseni, Sina, Eric Ragan, and Xia Hu. Open Issues in Combating Fake News: Interpretability as an 
Opportunity. Submitted to IJCAI 2019 (survey track). 


Mohseni, Sina, Niloofar Zarei, and Eric D. Ragan. A Survey of Evaluation Methods and Measures for 
Interpretable Machine Learning. arXiv preprint arXiv:1811.11839 (2018). 
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Mohseni, Sina, and Eric Ragan. Combating Fake News with Interpretable News Feed Algorithm. arXiv 
preprint arXiv:1811.12349 (2018). 


Mohseni, Sina, and Eric D. Ragan. A human-grounded evaluation benchmark for local explanations of 
machine learning. arXiv preprint arXiv:1801.05075 (2018). 


Linder, Rhema, Mohseni, Sina, Yang, Fan, Kumar, Shiva, Eric D. Ragan and Xia Hu. How Level of 
Explanation Detail Affects Human Performance in Interpretable Intelligent Systems: A Study on 
Explainable Fake News Detection (ongoing submission).  


For additional information: 


https://datamllab.github.io/XAI_TAMU/  


https://www.youtube.com/watch?v=U7Lrb5baeYs&t  


https://youtu.be/Y_E0K-M3ZNs  


http://csedatasrv.cs.tamu.edu:3000/  


https://rhema.github.io/demos/xai-mturk/vdemo2x3/?condition=2x3-on-attr&godmode=1 



https://datamllab.github.io/XAI_TAMU/

https://www.youtube.com/watch?v=U7Lrb5baeYs&t

https://youtu.be/Y_E0K-M3ZNs

http://csedatasrv.cs.tamu.edu:3000/

https://rhema.github.io/demos/xai-mturk/vdemo2x3/?condition=2x3-on-attr&godmode=1
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Deeply Explainable Artificial Intelligence (DExAI): High-fidelity salience for black-box networks 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
Boston University: Kate Saenko, Vitali Petsiuk  


Problem Statement 
This effort aims to address the problem of explainable AI for deep neural networks that take images as 
input, and output a class probability. The approach, called RISE, generates an importance map indicating 
how salient each pixel is for the model's prediction. In contrast to white-box approaches that estimate 
pixel importance using gradients or other internal network state, RISE works on black-box models. It 
estimates importance empirically by probing the model with randomly masked versions of the input 
image and obtaining the corresponding outputs. 


Approach and Technique 
The key idea is to probe the base model by sub-sampling the input image via random masks and 
recording its response to each of the masked images. The final importance map is generated as a linear 
combination of the random binary masks where the combination weights come from the output 
probabilities predicted by the base model on the masked images. Figure 1 illustrates the RISE overview 
concept and Figure 2 illustrates an example RISE explanation. 


Figure 1. RISE Overview 
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Figure 2. Example RISE Explanation 
 


  
Prediction: “Mountain bike”, 98% Explanation for “Mountain bike” class 


             


Key Objectives and Current Status 
The objective of the effort was to generate high-fidelity saliency maps, that would highlight the regions 
that were actually used by the model in making its decision. The method outperformed existing 
approaches in terms of the metrics described below. 


Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Explanation goodness: Deletion, 
Insertion 


The fidelity of a saliency map 
explanation to the actual decision 
process performed by the underlying 
neural network 


The method has been proved to have 
higher fidelity, i.e., better evidence 
grounding than previous works 


                            
Test and Evaluation 
Two automatic evaluation metrics are proposed: deletion and insertion. The intuition behind the 
deletion metric is that the removal of the ‘cause’ will force the base model to change its decision. 
Specifically, this metric measures a decrease in the probability of the predicted class as more and more 
important pixels are removed, where the importance is obtained from the importance map. A sharp 
drop, and thus a low area under the probability curve (as a function of the fraction of removed pixels), 
means a good explanation. The insertion metric, on the other hand, takes a complementary approach. It 
measures the increase in probability as more and more pixels are introduced, with higher area under the 
curve indicative of a better explanation. Table 1 (continued) below, summarizes the results. 
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Table 2 (continued). Measures, Objectives, and Actuals to Date 
 


 Numerical Value Hypothesis  
Results 


Goodness  
Measure  With Explanation Without 


Explanation 
Explanation Goodness 0.1232/0.6766 


0.1421/0.6618 
0.1217/0.6940 
0.1076/0.7267 


(Grad-CAM) 
(Sliding window) 
(LIME) 
(RISE) 


N/A N/A Deletion (lower is better) 


Insertion (higher is better) 


                              


Vitali Petsiuk, Abir Das, and Kate Saenko. RISE: Randomized Input Sampling for Explanation of Black-box 
Models, 2018. 


For additonal information: 


http://cs-people.bu.edu/vpetsiuk/rise/demo.html 



http://cs-people.bu.edu/vpetsiuk/rise/demo.html
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Title 
Deeply Explainable Artificial Intelligence (DExAI): Informative Rollouts and Critical States 


Team Composition 
University of California, Berkeley (UCB), Trevor Darrell, Principal Investigator, trevor@eecs.berkeley.edu 
UCB: Anca Dragan, Sandy Huang  


Problem Statement 
Safe and comfortable human-robot interaction depends on the human having a reasonably accurate 
mental model of the robot’s policy – they need to understand how a robot will act, and which situations 
it can and cannot handle. Humans naturally improve their mental model of a robot over time, simply as 
they observe the robot and interact with it in the real world. But this process of passive familiarization 
can take a while.  


Approach and Technique 
UCB’s approach aims to explain a robot’s policy by showing informative examples of how that robot acts 
in different scenarios, that directly optimize for improving the human’s mental model of the robot (see 
Figure 1). In other words, the informativeness of examples depends on how humans update their 
mental model of the robot, after seeing examples of robot behavior. The approach assumes the person 
has a particular way of updating their mental model, and selects examples that best improves the 
human’s understanding of either the robot’s objective function (which improves prediction), or which 
critical situations it can handle correctly (which establishes appropriate trust/reliance). 
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Figure 1. Overview of the approach to explain a robot’s policy. Left side: without explanation; right side: with explanation 
 


 


Key Objectives and Current Status 
Explanations should improve human prediction of how a robot will act in novel situations, including 
whether it will act correctly or not. In turn, this will help humans establish appropriate reliance on the 
robot. How these explanations impact user satisfaction is also measured. 
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Table 1. Measures, Objectives, and Actuals to Date 
 


Measures Objectives Actuals to Date 
Human mental model: prediction Improve user prediction of robot 


behavior 
Informative example explanations led 
to significantly more accurate user 
predictions vs. no explanation 


Trust/reliance Establish appropriate trust/reliance Informative example explanations led 
to more appropriate user trust vs. no 
explanation 


User satisfaction Increase user satisfaction Informative example explanations led 
to higher user satisfaction vs. no 
explanation 


  
 Size Length Type 
User Study 161 subjects: average age 37.0 (SD = 11), 46% 


female 
6 conditions; 6 test 


states 
AMT, between-


subjects 
 Numerical Value Hypothesis  


Results 
Mental Model Task 


 With Explanation Without 
Explanation 


Mental Model 
Understanding: 
Prediction 


-0.02 ± 0.48 -1.40 ± 0.48 Significant, p = 0.025 Prediction score = 
confidence level (5-


point Likert) x 
accuracy (+1 if 


correct, -1 if incorrect) 
 


 Size Length Type 
User Study 60 subjects: average age 32.5 (SD = 6.7), 27% 


female 
3 conditions; 10 test 


states; 2 policies (policy 
A is better than policy 


B) 


AMT, between-
subjects for 


conditions, within-
subjects for policies 


 Numerical Value Hypothesis  
Results 


Trust 
Measure  With Explanation Without 


Explanation 
Appropriate 
Trust / Reliance 


Policy A: 1.35 ± 0.09 
Policy B: 1.77 ± 0.1 


Policy A: 2.29 ± 0.07 
Policy B: 2.32 ± 0.07 


Significantly more trust 
for policy A over policy 


B (p = 0.001) when 
there are explanations, 


but not without 
explanations; 


Significantly more trust 
for policies (both A and 


B) when there are 
explanations (p = 0.006) 


Whether to take 
control (5-point 


Likert, lower score = 
more trust) 


 Numerical Value Hypothesis  
Results 


Satisfaction  
Measure  With Explanation Without 


Explanation 
Explanation 
Satisfaction 


Policy A: 3.00 ± 0.21 
Policy B: 2.00 ± 0.27 


N/A Significantly more 
agreement for policy A 


over policy B 


Whether user agrees 
with policy’s critical 


states 
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Test and Evaluation 
See the following references for additional information: 


Sandy H. Huang, David Held, Pieter Abbeel, and Anca D. Dragan. Enabling robots to communicate their 
objectives. RSS 2017. https://arxiv.org/abs/1702.03465. 


Sandy H. Huang, Kush Bhatia, Pieter Abbeel, and Anca D. Dragan. Establishing appropriate trust via 
critical states. IROS 2018. https://arxiv.org/abs/1810.08174. 



https://arxiv.org/abs/1702.03465

https://arxiv.org/abs/1810.08174
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