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response times are information

• Decision-makers can infer preferences from response times1,2

• Decision-makers use opponents’ response times to plan and infer 
private information3-5

• eBay buyers and sellers use response times to negotiate prices6

1. Gates, Callaway, Ho, Griffiths (2021) Cognition
2. Bavard, Stuchly, Konovalov, Gluth (2024) PLoS Biology
3. Frydman, Krajbich (2022) Management Science
4. Konovalov, Krajbich (2023) The Economic Journal
5. Konovalov, Krajbich (2023) Judgment & Decision Making
6. Cotet, Zhao, Krajbich (2025) PNAS



Outline

• Introduction to the Diffusion Decision Model (DDM)
• Literature Incorporating RTs into Model Estimation
• Modeling Social Exchange with the Ultimatum Game
• Clinical Translation in Borderline Personality Disorder



how to understand the decision-making process?

which way are the dots moving?



how to understand the decision-making process?

should I accept this offer?



what is a cognitive model

• Generative: Approximate the algorithms the brain uses to produce
behavior

• Measurement: Quantify unobservable cognitive processes 

• Selective influence: parameter describe unique latent constructs with 
distinct behavioral outputs

Example
learning rate → integration of new information → temporal evolution of behavior



the diffusion decision model (DDM)

• process terminates at fixed thresholds

• process drifts towards positive or negative 
values

• process can be biased a priori

• constant non-decision time is added to total 
time to threshold

• parameters can vary across trials



decision thresholds

h1: accept offer

h2: reject offer

𝒂

−𝒂



starting point

𝒂

−𝒂

no bias 𝑥଴= 0

accept bias 𝑥଴= 5

h1: accept offer

h2: reject offer



drift rate

𝒗

h1: accept offer

h2: reject offer
𝒅

𝒅𝒊
𝑿𝒊 = 𝑵𝒐𝒓𝒎𝒂𝒍(𝒗, 𝒔𝟐)



speed-accuracy trade-off

h1: accept offer

h2: reject offer

go faster!



non-decision time

Response 
time

Sensory 
delay

Motor 
delay= + +

Non-decision time 
(𝑇଴)

Decision time (𝐷𝑇)
h1: accept offer

h2: reject offer



parameters

• threshold 𝑎

• starting point bias 𝑥଴

• drift rate (signal-to-noise ratio) 𝑣

• non-decision time 𝑡଴ 

• noise 𝑠
• In practice, often set to 1 to .1

• variability parameters 𝑠𝑣, 𝑠𝑧, 𝑠𝑡
• Across-trial fluctuations stimuli and physiological states
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when can we use the DDM?

• only two options
• task involves relative evidence 
• there is perfect inhibition 
• there is no leakage of information
• process is continuous in time
• process is single-stage

otherwise: Leaky Competing Accumulator Model, Gaze-Weighted 
Accumulator Model, Linear Ballistic Accumulator Model, Piecewise Diffusion 
Model, Racing Diffusion Model, Circular Diffusion Model, etc.



Response Times in Model Estimation



Value Function
𝑄(Optionୡ୦୭ୱୣ௡)௧ାଵ

= 𝑄(Optionୡ୦୭ୱୣ௡)௧ + 𝛼 (Reward௧ − 𝑄 Optionୡ୦୭ୱୣ௡
௧)

Softmax Decision Rule

𝑝 Choice௧ =  Option௜ =
𝑒ఉொ(୓୮୲୧୭୬೔ )೟

∑ 𝑒ఉொ(୓୮୲୧୭୬ೕ )೟

௝

Parameters
Learning rate: 𝛼
Inverse temperature: 𝛽

$10



$10

a) Did the agent fail to learn?
b) Did the agent respond noisily?

Value Function
𝑄(Optionୡ୦ )௧ାଵ

= 𝑄(Optionୡ୦ )௧ + 𝛼 (Reward௧ − 𝑄 Optionୡ୦
௧)

Softmax Decision Rule

𝑝 Choice௧ =  Option௜ =
𝑒ఉொ(୓୮୲୧୭୬೔ )೟

∑ 𝑒ఉொ(୓୮୲୧୭୬ೕ )೟

௝

Parameters
Learning rate: 𝛼
Inverse temperature: 𝛽

Incorporating Response Times
RT௧ = −𝛽|𝑄(Optionଵ)௧ − 𝑄(Optionଶ)| + 𝜀



Simulation Study
1. Generate parameters (𝑋௚௘௡) from 

distributions based on prior literature;
2. Simulate choice and RT data for 10-200 

subjects on 100-500 trials;
3. Extract fitted parameters (𝑋௙௜௧) from 

simulated data using multiple techniques 
(ML, MAP);

4. Assess correlations between 𝑋௚௘௡ and 𝑋௙௜௧
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Simulation Study
1. Generate parameters (𝑋௚௘௡) from 

distributions based on prior literature;
2. Simulate choice and RT data for 10-200 

subjects on 100-500 trials;
3. Extract fitted parameters (𝑋௙௜௧) from 

simulated data using multiple techniques 
(ML, MAP);

4. Assess correlations between 𝑋௚௘௡ and 𝑋௙௜௧ Fig. 4. Joint modeling of choice and reaction times improves parameter 
identifiability in real data. A) The correlation in estimated learning rate 
between two runs of a bandit task using a standard RL model. B) The 
correlation in estimated learning rate when estimated using a model of 
reaction times and choice.

Choice-only
r = 0.47

Choice + RT
r = 0.75



Value Functions
𝑄ெி(Actionଶ)௧ାଵ=

𝑄ெி(Actionଶ)௧+ 
𝛼 (Reward௧ − 𝑄ெி(Actionଶ)௧)

𝑄ெி(Actionଵ)௧ାଵ= 𝑄ெி(Actionଵ)௧+

𝛼 𝑄ெி Actionଶ
௧ − 𝑄ெி Actionଵ

௧ +

𝜆𝛼 Reward௧ − 𝑄ெி(Actionଶ)௧

𝑄ெ஻(Actionଵ)௧=

𝑃(Stateଶ| Actionଵ) × max 𝑄ெி Stateଶ
௧ +

𝑃(Stateଷ| Actionଵ) × max 𝑄ெி Stateଷ
௧

𝑄ே௘௧(Actionଵ)௧=
(1 − 𝜔) 𝑄ெி(Actionଵ)௧+
𝜔𝑄ெ஻ Actionଶ

௧ +
𝛾Stay௧

Softmax Decision Rule

𝑝 Choice௧ =  Action௜ =
𝑒ఉொಿ೐೟(୅ୡ୲୧୭୬౟)೟

∑ 𝑒ఉொಿ೐೟(୅ୡ୲୧୭୬ೕ )೟

௝
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Value Functions
𝑄ெி(Actionଶ)௧ାଵ=
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𝛼 (Reward௧ − 𝑄ெி(Actionଶ)௧)
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(𝟏 − 𝝎) 𝑄ெி(Actionଵ)௧+
𝝎𝑄ெ஻ Actionଶ

௧ +
𝛾Stay௧

DDM Decision Rule
𝑑

𝑑𝑖
𝑋௜~𝑁 𝑣, 𝑠ଶ

𝑣 = 𝑑(𝑄ே௘௧ Action௖௛௢௦௘௡
௧ − 𝑄ே௘௧(Action௨௡௖௛௢௦௘௡)௧)



r = 0.62 r = 0.90



Other relevant literature



The Ultimatum Game



The Ultimatum Game

Previous choices effect offers:
Accept = offer  – 0/1/2
Reject = offer + 0/1/2



Forward-Thinking Model
• Initial norms (f0)
• Envy (𝛼)
• Adaptation rate (𝜀)
• Influence (𝛿)
• Inverse temperature (𝛽)

Norm Learning
Norm௧ୀଵ = f0
Norm௧ାଵ = Norm௧ − 𝜀(Norm௧ − Offer௧)

Value Function
𝑈 Offer ௧ = Offer௧ − 𝑎(Norm௧ − Offer௧)

Offer௧ା௜ =
Offer௧ + 𝛿 if Choice = Reject

Offer௧ − 𝛿 if Choice = Accept

𝑄 Accept ௧ = 𝑈 Offer ௧ + 𝑈 Offer|Accept ௧ାଵ +
𝑈 Offer|Accept ௧ାଶ

𝑄 Reject ௧ = 𝑈 Offer|Reject ௧ାଵ + 𝑈 Offer|Reject ௧ାଶ

𝑄 Action ௧ = 𝑄 Accept ௧ − 𝑄 Reject ௧

Softmax Decision Rule

𝑝 Choice௧ =  Action௜ =
𝑒ఉொ(୅ୡ୲୧୭୬౟)೟

∑ 𝑒ఉொ(୅ୡ୲୧୭୬ೕ )೟

௝



Recoverability using best 
fitting parameter values

Adaptation rate
r = 0.39

Expected influence
r = 0.88

Sensitivity to norm PE
r = 0.57 

Inv temp
r = 0.77

Initial norm
r = 0.66



Recoverability using best 
fitting parameter values

Adaptation rate
r = 0.39

Expected influence
r = 0.88

Sensitivity to norm PE
r = 0.57 

Inv temp
r = 0.77

Initial norm
r = 0.66



Replication of parameter recoverability

Recoverability changed
Adaptation rate

r = 0.39-> 0.61
Expected influence

r= 0.88 -> 0.91
Sensitivity to norm PE

r = 0.57 -> 0.35
Inv temp

r = 0.77 -> 0.82
Initial norm

r = 0.66 -> 0.72



Recoverability with random parameters

Recoverability gets worse!
Adaptation rate

0.39-> 0.61 -> 0.25
Expected influence

0.88 -> 0.91 -> 0.90
Sensitivity to norm PE

0.57 -> 0.35 -> 0.31
Inv temp

0.77 -> 0.82 -> 0.38
Initial norm

0.66 -> 0.72 -> -0.009
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recoverability with DDM decision rule

Key changes:
• Removed two parameters

• Initial norm = max(Offer) ÷ 2
• No controllability

• Added four parameters
• Boundary separation

r = 0.94
• Drift rate

r = 0.98
• Starting point

r = 0.71
• Non-decision time

r = 0.96
Using random parameter values

Adaptation rate
r = 0.25 -> 0.6

Sensitivity to norm PE
r = 0.31 - > 0.55



recoverability with DDM decision rule

Key changes:
• Removed two parameters

• Initial norm = max(Offer) ÷ 2
• No norm learning

• Added four parameters
• Boundary separation

r = 0.94
• Drift rate

r = 0.98
• Starting point

r = 0.71
• Non-decision time

r = 0.96
Using random parameter values

Controllability
r = 0.55

Sensitivity to unfairness
r = 0.79



Application to Empirical Data

• Social Interactions & Borderline Personality Disorder (BPD)
• BPD characterized by inability to maintain relationships, inflexibility, & need 

to control others
• Hyp: BPD patients should show deficits in capacity to negotiate in social 

exchange task

• Data
• BPD (n=29), Anxiety (ANX, n=33), healthy controls (HC, n=42)
• UG task with and without controllability



behavioral analyses

Choice

Main effect of group
• F(2, 531) = 3.47, P = 0.032

Post-hoc analysis
• 𝐵𝑃𝐷 − 𝐻𝐶 = −0.08, 

𝑃௔ௗ௝ = 0.065

• 𝐴𝑁𝑋 − 𝐻𝐶 = −0.08,
𝑃௔ௗ௝ = 0.070

Note: 
IC = In-control Condition
NC = No-control Condition



behavioral analyses

Response time

Main effect of group
• F(2, 531) = 4.31, P = 0.014

Post-hoc analysis
• 𝐴𝑁𝑋 − 𝐻𝐶 = 0.13, 

𝑃௔ௗ௝ = 0.018

• 𝐴𝑁𝑋 − 𝐵𝑃𝐷 = 0.12,
𝑃௔ௗ௝ = 0.057

Note: 
IC = In-control Condition
NC = No-control Condition



preliminary modeling results
Envy
• How strongly do decision-makers weigh norm 

violations?
• Group x Block Interaction

• F(2,202) = 19.07, P < 0.001
• Post-hoc analyses

• 𝐵𝑃𝐷୍େ − 𝐻𝐶୍େ = −0.25, 𝑃௔ௗ௝ < 0.001

• 𝐵𝑃𝐷୍େ − 𝐴𝑁𝑋୍େ = −0.33, 𝑃௔ௗ௝ < 0.001
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preliminary modeling results
Aversion to Norm Violations
• How strongly do decision-makers weigh norm 

violations?
• Group x Block Interaction

• F(2,202) = 19.07, P < 0.001
• Post-hoc analyses

• 𝐵𝑃𝐷୍େ − 𝐻𝐶୍େ = −0.25, 𝑃௔ௗ௝ < 0.001

• 𝐵𝑃𝐷୍େ − 𝐴𝑁𝑋୍େ = −0.33, 𝑃௔ௗ௝ < 0.001

• Interpretation
• When offers were controllable, BPD group 

weighed norm violations less strongly than both 
controls and ANX group

• When offers were not controllable, BPD group 
weighed norm violations more strongly than 
control group
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Boundary Separation
• How cautious are decision-makers?
• Group x Block Interaction

• F(2,202) = 4.27, P = 0.015
• Post-hoc analyses

• 𝐵𝑃𝐷୍େ − 𝐻𝐶୍େ = 0.50, 𝑃௔ௗ௝ = 0.024

• Interpretation
• When offers are controllable, BPD patients 

are more cautious than healthy controls

preliminary modeling results
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preliminary modeling results

Starting Bias
• How biased are decision-makers towards one 

type of response?
• Main effect of Group 

• F(2,202) = 5.20, P = 0.006
• Post-hoc analyses

• 𝐴𝑁𝑋 − 𝐻𝐶 = −0.05, 𝑃௔ௗ௝ = 0.009

• 𝐵𝑃𝐷 − 𝐻𝐶 = −0.04, 𝑃௔ௗ௝ = 0.049

• Interpretation
• Both clinical groups are more likely to 

punish opponents, regardless of amount
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preliminary modeling results

No significant group differences or group-condition 
interactions for Drift Rate, Adaptation Rate, or Non-
Decision time

Note: 
IC = In-control Condition
NC = No-control Condition



preliminary modeling results

No significant group differences or group-
condition interactions for Drift Rate, 
Adaptation Rate, Non-Decision time, or 
Control

Note: 
IC = In-control Condition
NC = No-control Condition



preliminary modeling results

Summary
• Individuals with BPD or Anxiety are more punitive 

than controls

• Individuals with BPD are generally more cautious 
than controls when making decisions when they 
have control

• Individuals with BPD use of norm violations 
differs greatly from both controls and those with 
anxiety

Note: 
IC = In-control Condition
NC = No-control Condition



take-aways

• Response times are information

• Response times improve reliability and portability of cognitive models

best practices

• Parameter recovery and model identifiability

• Build your models with your tasks
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The Forward Thinking Model

• Five parameter model:
• Initial norms (f0)
• Envy (𝛼)
• Adaptation rate (𝜀)
• Influence (𝛿)
• Inverse temperature (𝛽)

Desire for fairness
Aversion for inequality

𝑢 Offer|𝑎 = Offer − 𝑎(Norm − Offer)

𝑢 $4|𝑎 = $4 − 𝛼($10 − $4) = $4 − 𝛼 $6

𝑢 $4|0.4 = $4 − 0.4 $6 = $4 − $2.4 = $1.60

$10

$4

𝑢(Offer)$1.60



The Forward Thinking Model

• Five parameter model:
• Initial norms (f0)
• Envy (𝛼)
• Adaptation rate (𝜀)
• Influence (𝛿)
• Inverse temperature (𝛽)

Rate of updating norms
Influence of new information
pr Norm௧ାଵ|𝜀 = Norm௧ + 𝜀 Offer − Norm௧

pr Norm௧ାଵ|𝜀 = 10 + 𝜀 4 − 10 = 10 + 𝜀 −6

pr Norm௧ାଵ|.65 = 10 + 0.65 −6 = 6.10

$10

$4

$1.60



The Forward Thinking Model

• Five parameter model:
• Initial norms (f0)
• Envy (𝛼)
• Adaptation rate (𝜀)
• Influence (𝛿)
• Inverse temperature (𝛽)

Influence on new offers
How much change is possible

$4

$4 − 𝛿

$4 + 𝛿

$1.60

$4 − 𝛿 − 𝛿

$4 + 𝛿 − 𝛿

$4 + 𝛿 − 𝛿

$4 − 𝛿 − 𝛿
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How much change is possible

$4

$1.60

$1.60 +
𝑢 offer௧ାଵ + 
𝑢 offer௧ାଶ

-$7
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• Five parameter model:
• Initial norms (f0)
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How much value influences choice
Choice consistency

𝑃 Accept =
1

(1 + 𝑒ିఉȉ௎)
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The Forward Thinking Model

• Five parameter model:
• Initial norms (f0)
• Envy (𝛼)
• Adaptation rate (𝜀)
• Influence (𝛿)
• Inverse temperature (𝛽)

How much value influences choice
Choice consistency

𝑃 Accept =
ଵ

(ଵା௘షഁȉೆ)
= ଵ

ଵା௘షഁȉషళ =
ଵ

(ଵା௘ష భ.ఱ ȉషళ)

𝑃 Accept = 2.8𝑒ିହ

$4

$1.60

-$7



Estimation Procedure
• Quasi-Grid Search

• Grid of 256 value combinations
• Initial values [-1,0,1]

• Optimizer
• BFGS Quasi-Newtonian method
• Cubic line search

5, 4, 3,…,9

1, 1, 0, …, 1

{f0,𝛼, 𝜀,𝛿, 𝛽}

0,1,1,1,1 → LL → 9,0.65,0.13,1.5,7.2



Estimation Procedure
• Quasi-Grid Search

• Grid of 256 value combinations
• Initial values [-1,0,1]

• Optimizer
• BFGS Quasi-Newtonian method
• Cubic line search

5, 4, 3,…,9

1, 1, 0, …, 1

{f0,𝛼, 𝜀,𝛿, 𝛽}

0,1,1,1,1 → −13 → 9,0.65,0.13,1.5,7.2

0,0,1,1,1 → −11 → 8,0.99,0.21,1.7,7.3

0,0,0,1,1 → −19 → 8,0.01,0.11,1.3,2.2

1,1,1,1,1 → −14 → 10,0.75,0.45,0.6,1.1

…



Parameter Recoverability

• Procedure
• Take a set of parameters 𝑋௚௘௡

• Generate simulated data using 𝑋௚௘௡

• Fit model to simulated data to estimate 𝑋௘௦௧

• Assess correlations between 𝑋௚௘௡and 𝑋௘௦௧

• Parameter sets
• Study 1: estimates from fMRI data (N = 48; t=30; Na et al., 2020, eLife)
• Study 2: estimates from Prolific data (N = 711; t=20 ; Na et al., 2020, eLife)
• Study 3: random parameters (N = 50; t=100)



Baseline Recoverability

Recoverability with 30 trials 
(out of 40, fMRI sample)

Adaptation rate
0.39

Delta
0.88

Envy
0.57 

Temp
0.77

Initial norm
0.66



Baseline Recoverability

Recoverability with 30 trials 
(out of 40, fMRI sample)

Adaptation rate
0.39

Delta
0.88

Envy
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Temp
0.77

Initial norm
0.66



Replication of parameter recoverability

Recoverability changed
Adaptation rate

0.39-> 0.61
Delta

0.88 -> 0.91
Envy

0.57 -> 0.35
Temp

0.77 -> 0.82
Initial norm

0.66 -> 0.72



Parameter recoverability using fewer trials

Recoverability got worse!
Adaptation rate

0.39-> 0.61 -> 0.56
Delta

0.88 -> 0.91 -> 0.73
Envy

0.57 -> 0.35 -> 0.28
Temp

0.77 -> 0.82 -> 0.67
Initial norm

0.66 -> 0.72 -> 0.69

Original (fMRI) -> Replication (fMRI) -> Online Data



Parameter recoverability using random 
parameters

Recoverability got much 
worse!

Adaptation rate
0.39-> 0.61 -> 0.25

Delta
0.88 -> 0.91 -> 0.90

Envy
0.57 -> 0.35 -> 0.31

Temp
0.77 -> 0.82 -> 0.38

Initial norm
0.66 -> 0.72 -> -0.009

Original (fMRI) -> Replication (fMRI) -> Simulations



Comparing Programming Languages

• Goal: Compare parameter estimation and recoverability using 
Matlab and R

• Matlab: Original code
• R: More flexible

• Dataset
• Round 1 of Prolific UG2 data (N =711)
• Controllability condition
• 24 trials (out of 30)



R > Matlab ????



R > Matlab ????



R > Matlab ????



Sensitivity to starting values

Parameter estimated 
from a unique starting 
point

Best fitting parameter



Sensitivity to starting values

Parameter estimated 
from a unique starting 
point

Best fitting parameter



Trial Number

• In original paper, only used 20/30 possible trials
• Exclude early, exploratory behavior (i.e., trials 1-5)
• Avoid late, “cashing out” behavior (i.e., trials 25-30)

• In recent projects: 24 trials to increase information
• Exclude first and last 3 trials

• What happens when we change the number of trials?



Parameter 
correlations



Parameter 
correlations



Comparing trial numbers 20 versus 24



Comparing trial numbers 26 versus 30



What are parameters good for?

• Parameters should reflect distinct behavioral patterns
• Simulations can illustrate parameter utility
• Exercise

• Create baseline data
• Simulate 1000 subjects
• Each parameter based on empirical distributions

• Generate manipulated data
• Same baseline parameters
• Iteratively change one parameter at a time

• Plot behavioral predictions



What are parameters good for?

• Parameters should reflect distinct behavioral patterns
• Simulations can illustrate parameter utility
• Exercise

• Create baseline data
• Simulate 1000 subjects
• Each parameter based on empirical distributions

• Generate manipulated data
• Same baseline parameters
• Iteratively change one parameter at a time

• Plot behavioral predictions
• Offers over time
• Rejections by offer amount



Baseline
Simulations



Varying 
Beta 

(Inverse 
Temp.)



Varying 
Beta 

(Inverse 
Temp.)



Varying 
Alpha 
(Envy)



Varying 
Alpha 
(Envy)



Varying f0 
(Initial 
norm)



Varying f0 
(Initial 
norm)



Varying 
epsilon 

(adaptation 
rate)



Varying 
epsilon 

(adaptation 
rate)



Varying 
delta 

(influence)



Varying 
delta 

(influence)



Connecting behavior to parameters

• Flat offer rate
• Low initial norm
• Low envy
• Low, positive influence

• Steep offer rate
• High envy
• High initial norm
• Low adaptation
• High, positive influence

• Accept all high-offers
• Moderate-to-low envy
• Low initial norm
• High learning rate
• Moderate, positive 

influence



Digression: 
How do model predictions stack up to human 
behavior?



Digression: 
How do model predictions stack up to human 
behavior?



application to value-based decisions

• Value-based decisions: decisions where each option
have different values

• Two-alternative case: 
• Choose between option 1 with value 𝑅ଵand option 2 with 

value 𝑅ଶ

• Connect to DDM by setting the drift rate proportional to 
difference in value

𝑣 = 𝑑 𝑅ଵ − 𝑅ଶ + 𝜀 = 𝑑∆𝑅 + 𝜀𝑣 = 𝑑 + 𝜀



application to value-based decisions

• Choice probabilities

• Special case with unbiased starting point (𝑥଴ = 0)

• This is the softmax probability function!

𝑝 left =
1

1 + exp 2𝑎𝑑∆𝑅
−

1 − exp(−2𝑥଴𝑑∆𝑅)

exp 2a𝑑∆𝑅 − exp(−2a𝑑∆𝑅)

difference in value ∆𝑅

𝑝 left =
1

1 + exp 2𝑎𝑑∆𝑅



softmax :: DDM connection

• Compare the two:

• Softmax’s inverse temperature parameter (𝛽) is controlled by two 
DDM parameters: threshold (𝑎) and signal-to-noise ratio (𝑑)

𝛽 = 2𝑎𝑑

DDM: 𝑝 left =
ଵ

ଵାୣ୶୮ ଶ௔ௗ∆ோ
softmax: 𝑝 left =

ଵ

ଵାୣ୶୮ ఉ∆ோ



softmax :: DDM connection

• In the DDM, stochasticity in 
choice can be generated by:

• Reduced signal-to-noise 
ratio (𝑑)

• Lower threshold (𝑎)

• Different mechanisms 
cannot be distinguished by 
choices alone

difference in value ∆𝑅



Response times in the value-based DDM

• Response time formula

• Special case with unbiased starting bias 𝑥଴ = 0

∆𝑅

RT = 𝑡଴ +
𝑎

∆𝑅
tahn 𝑎∆𝑅 +

𝑎

∆𝑅
×

2(1 − exp(−2𝑥଴∆𝑅))

exp 2𝑎∆𝑅 − exp(−2𝑎∆𝑅)
− 𝑥଴∆𝑅

RT = 𝑡଴ +
𝑎

∆𝑅
tahn 𝑎∆𝑅



Response times in the value-based DDM

• Changes to drift rate and threshold have opposite effects 
on response times

∆𝑅∆𝑅

low 𝑣 (more random choices)

high 𝑣 high 𝑎

low 𝑎 (more random choices)


