
Subjects that mapped 
value to D2 would have 
been more likely to treat 
the top left incongruent 

region as high value and 
the bottom right as low 
value. Accuracy would 

have been good in 
congruent regions.
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Stimuli generated along perceptually uniform color and shape dimensions.
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Training Spaces: Subjects assigned to different spaces; 24 stimuli per space

Mapping of shape/color to 
D1 is counterbalanced.
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D1 = shape / color

Point value = D1

Point value is linearly mapped to 
feature dimension 1 (D1). Reward can 

be maximised by ignoring dimension 2 
(D2) and using differences in D1 to infer 

point outcomes.

STIMULUS GENERATION

Training & Test:
276 training trials - number of unique pairs of 24 training stimuli
300 test trials  - number of unique pairs of 25 test stimuli
Task: Choose the stimulus likely to give the most points.
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GOAL: Maximise the number of points earned across the study.

Stimuli from clustered, unclustered, or 
integrated space.

One-back 120 trials - each training stimulus presented 5 times.
Task: Press UP if stimulus is same as one presented directly before.
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INTRODUCTION

Test Space: Same across subjects; 25 stimuli 

Interpolation region
Training stimuli sampled 

from here

Extrapolation on D1

Extrapolation on D2

Extrapolation vs interpolation on D1 Extrapolation in regions congruent vs incongruent 
with integrated correlational structure

Which dimensions of the test 
space are subjects using to 

guide their choices?

D
2

D1

R

L
90

-40

Logistic regression:
Predict RIGHT over LEFT choice with 

ΔD1 and ΔD2 positions.

DISCUSSION

Unclustered and clustered conditions: ΔD1 had 
greater influence on choice than ΔD2. Indicates 

correct learning that D1 was most relevant 
dimension for earning reward.

Integrated condition: ΔD1 and ΔD2 had similar 
influence on choice. Indicates the value 

function was misattributed to both 
dimensions.

How does feature integration affect credit assignment?
When representational spaces have highly integrated features, 
value is misattributed to both task-relevant and task-irrelevant 
dimensions, producing errors in generalization. These findings align 
with previous work on causal confounding (e.g., Liljeholm, 20153).

How does item clustering affect credit assignment?
Accuracy was lower at test for subjects who trained on the 
clustered space, suggesting clustering interferes with the ability to 
learn continuous relationships between value and feature 
dimensions. However, our results are inconclusive about whether 
subjects assigned value to discrete category centers instead. 

Future work will extend these investigations to 
high-dimensional semantic spaces to assess how value is 
learned on well-established representational structures.

PREFERENCE CLUSTERING

Lower accuracy in clustered and integrated indicates the similarity 
structure of the training spaces interfered with subjects’ ability to 
learn that D1 was predictive of reward. However, the interaction 

between region and condition was not significant (p = 0.4).

Significant interaction (p = 0.0085) between region 
and space indicates that subjects in the 

integrated condition misattributed learning to D2.

Better learning of the 
value function 

should produce 
higher overall 

accuracy, and a 
smaller difference in 

interpolation vs 
extrapolation 

accuracy.
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How clustered were subjects 
preferences?

The distribution of distances in clustered 
spaces are negatively skewed (many 

long and few short distances). 

Across subjects for each condition, we 
approximated preference for each 

stimulus by caclulating the proportion 
of trials on which each was chosen.

A more negative skew of the 
distribution of distances between 

these proportions indicates 
subjects’ preferences were more 

clustered.

For most up-to-date 
version of poster:

Skewness:
Clustered:     0.4063 
Unclustered: 0.3473 
Integrated:    0.6444 

Surprisingly, unclustered condition had the lowest 
skewness .

It is adaptive to assign credit to representations in a way that supports generalization. For 
example, people map value onto continuous feature dimensions (function learning), 
facilitating decisions about novel items composed of familiar features1. Here, we address 
how variance in the correlational structure of orthogonal dimensions may affect how 
people represent features/items, disrupting function learning and limiting generalization.

We generated representational spaces that varied in (1) feature integration (the extent to 
which constituent feature dimensions covary) and (2) item clustering (the extent to which 
items group into discriminable categories).

1) High feature integration makes it difficult to disentangle the contribution of      
 task-relevant and -irrelevant features to reward. This may cause an misattribution of    
 value to task-irrelevant dimensions, potentially leading to generalization errors. 

2) High clustering may bias people to represent items at the category-level, and attribute  
 value to discrete category-centers rather than map value continuously across the    
 space. This may limit the ability to generalize according to a function mapping.
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Positions on D1 and D2 are the same across spaces. The different 
structures arise from the distinct pairings of the feature samples.


