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•  Summary of three main ACT-R modeling projects: 
–  1) Models of fatigue effects in a data entry task; 
–  2) Models of stimulus-response compatibility (SRC) and Simon effects; 
–  3) Models of dynamic visual detection in a RADAR task. 

•  A major conclusion from this work: the robustness of the Instance-
Based Learning Theory (IBLT; Gonzalez, Lerch, & Lebiere, 2003).  
–  IBLT provides an approach to modeling learning from experience and 

exploration. 

•  IBLT implementation into a computational tool that can help elicit 
new ways of thinking about learning and modeling, without the 
overhead of developing models in the full computational ACT-R 
theory. 

Outline 



•  Symbolic level 
– Representations of knowledge 
– Declarative (“chunks” or instances) 
– Procedural knowledge (if-then rules) 

•  Sub-symbolic level 
– The mathematical procedures to manipulate 

the symbolic knowledge 
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ACT-R 



•  Simultaneous increase in errors and decrease in response time with 
extended practice in data entry (Healy et al., 2004) 

•  Fatigue effects might be attributed to cognitive limitations or to lack 
of arousal. 
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Models of Fatigue Effects in Data Entry 
  (Gonzalez, Best, Healy, Kole, & Bourne, under review) 
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ACT-R model of fatigue: the symbolic level 

Declara've:                            

Numbers: chunks with 4 digits as 
cues 

Keypad: numbers 1 to 9 and 
“enter” key 

Produc'on Compila'on: 

From Visual  Retrieval 
(key loc)  Motor 

To Visual  Motor 
faster access to key 
locaIon 

Procedural:                            



•  We show that prolonged work effects are captured by the combination of 
two ACT-R sub-symbolic parameters, G and W, in combination with the 
production compilation mechanism of ACT-R. 

•   The “W parameter”: 
–  With prolonged work, a decrease in W would produce attention reduction to 

relevant stimulus information, impacting negatively the recall of information and 
thus, producing more errors. 

•  The “G parameter”: 
–  Reductions in G in combination with the production compilation mechanism 

produce the speedup with increased time on task, since it accelerates the 
transition to newly compiled productions 
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ACT-R model of fatigue: the sub-symbolic 
level 
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Experiment 1 
Healy et al. (2004)  model fits 
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Experiment 2 (Healy et al., 2004) model fits 
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Model Experiment 



•  Across two studies, affective and cognitive processes 
integrate to produce the results found in human behavioral 
data. 

•  We used one ACT-R model that reduced G and increased W 
over time.  Integrated with production compilation. 

•  The modeling experiment suggests that G is a main driver of 
response time improvement 
–  A counterintuitive prediction, because a reduction in arousal has 

been shown usually to result in fatigue effects typically having a 
negative impact on human performance (Gunzelmann, Byrne et 
al., 2009).  

–  The cognitive system adapts to decreasing arousal by speeding 
up the transition to more efficient productions.     
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Summary 



•  With the mixed tasks, the SRC effect is eliminated. 
•  When spatially compatible and incompatible (SRC) trials are mixed, 

the benefit for the compatible mapping (i.e., the SRC effect) is 
eliminated (Vu & Proctor, 2004; Yamaguchi & Proctor, 2006).   
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Models of SRC and Simon Effects 
  (Dutt, Gonzalez, Yamaguchi, & Proctor, under review) 

Simon Trials SRC Trials 

Compatible 

Corresponding 
NON- 

Corresponding 

Incompatible 

Corresponding 



•  Recent findings that the SRC and Simon 
effects can be attenuated in mixed-task 
conditions   cognitive processes are not 
purely automatic. 

•  A dominant cognitive explanation of the SRC 
and Simon effects is a dual-route account 
(Proctor & Vu, 2006) 

•  We provide a cognitive explanation using 
Instance-Based Learning Theory (IBLT) 
(Gonzalez, Lerch, & Lebiere, 2003). 
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The cognitive explanation   
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The anatomy of instance-based learning 
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A generic problem solving process 

Gonzalez, C., Lerch, F. J., & Lebiere, C. (2003). Instance‐Based Learning in Real‐Time 
Dynamic Decision Making. Cogni&ve Science, 27, 591‐635. 



•  Gradual transition from exploration to exploitation depends on: consistency 
of the environment and feedback. 

•  IBLT process 
–  Recognition: retrieve something similar to the stimulus on the screen 
–  Judgment:  Recognition failure?  random answer; or apply decision in instance retrieved 
–  Choice: pick the “best” key 
–  Execution: Press the key 
–  Feedback: Correct?  +1, Incorrect?  -1 

•  Instance structure 
–  Situation: Color (Red, Green, White), Orientation (Horizontal, Vertical), Position (Left, Right) 
–  Decision: Left key ("z") or Right key ("/") 
–  Utility: +1 (for correct decision), -1 (for incorrect decision), and 0 (unknown) 

•  Main ACT-R Mechanism:  Activation 
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IBLT model 
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Experiment 1 (Yamaguchi, Proctor, Dutt, and 
Gonzalez, in preparation), fits 
LocaIon was relevant on half of the trials (SRC task) and color on the other half (Simon 
task). For half of the trials, where locaIon was relevant, the mapping was compaIble, 
whereas for the other half it was incompaIble. 
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Experiment 1 Sequential Effects 
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Experiment 2 Model predictions 
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Experiment 2- Model predictions followed by 
human data collection 



•  IBL presents a cognitive explanation of the 
learning and sequential processes in the 
Simon and SRC tasks. 

•  It helps understand how to accentuate or 
attenuate each of the effects: through 
frequency, recency, similarity and consistency 
of the instances. 

•  Gradual transition occurs from exploration to 
exploitation depending on these conditions. 
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Summary 



•  A comparison of two models, IBL and SBL models, both interacting 
with the same real-time decision making task, and both developed 
under the same architecture (ACT-R).  

•  Different form other efforts (evaluate different architectures; find the 
winning model)  

•  Goal: To understand the accuracy of behavior representation and 
processing 

•  Two dimensions of comparison 
–  Fit: how well each model fits human learning data in the task 
–  Adaptability: how well each model is able to reproduce the way 

humans having learned in one scenario of the task behave in a 
testing condition, in scenarios that are similar to or different from 
the training condition.  
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 Comparison of Instance and Strategy Models in ACT-R  
(Gonzalez, Dutt, Healy, Young, & Bourne, 2009)  



•  Comparison of IBL and SBL modeling approaches. 
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RADAR: dynamic visual detection & decision 
making 
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Fit to data (Young, Healy, Gonzalez, Dutt, & 
Bourne, 2010) 
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Adaptability 



•  Researchers often evaluate computational models 
of human behavior by: 
–  Comparing how different architectures or modeling 

approaches 
–  Fitting to human data 

•  We compare two approaches, IBL & SBL, under 
same task and same architecture 

•  Numerical fits are not enough to tease two models 
apart.  

•  The generalization criterion (model’s ability to 
predict new results) might not be sufficient either, 
but it is a start. 
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Summary 



•  IBLT is robust to many task contexts and 
complexities; represents a good approach 
to learning from experience and 
exploration.  
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Main overall conclusion from different 
projects: 



•  Need to formalize the IBLT approach into a modeling 
tool: 

–  Brings the theory closer to people who want to make use of it – Share 

–  Makes possible the use of theory on different, diverse tasks - Generalize 

–  Makes the use and understanding of the theory easier - Understand 

–  Abstracts from specifics of implementation in computer languages - Robust 

–  Makes the theory easier to interact with many tasks – Communicate 

–  Helps to make the theory more transparent - Usable 
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IBL Tool 



•  From 4 to 4:30PM – come and see it 
working. 

Example/Demo: the Simon task 



•  The Simon task (VisualBasic tool) 
connected to the IBL tool (also in Visual 
Basic) 

•  Ran 4 simulated subjects using the IBL 
tool and ACT-R (lisp) model. 

•  Ran 4 blocks of 80 trials 
•  Compared percentage time and retrieval 

time over blocks, averaged across 
subjects 

Comparing results from the IBL tool and 
ACT-R 



•  The three main ACT-R modeling projects using IBLT 
–  1) Models of fatigue effects in a data entry task; 
–  2) Models of stimulus-response compatibility (SRC) and Simon effects; 
–  3) Models of dynamic visual detection in a RADAR task. 

•  IBLT presents an accurate and robust representation of the learning 
process in several diverse tasks. 

•  The creation of explicit computer tools that represent the theory can 
also give rise to interesting demonstrations and new questions and 
answers. 

•  Although in very early stages of testing, the IBL Tool is freely 
available for research purposes. 

Conclusions 


