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Memory	help	guide	our	daily	decisions	

•  Should	I	take	a	bus	or	walk	to	school	at	9am?	
•  Have	I	watched	this	movie	before?	
•  How	much	salt	and	pepper	to	put	on	the	
breakfast?	

•  ..	



What	are	the	problems	we	face	in	memory	
and	their	probabilis*c	nature	

•  [This	class]	Reconstruc*ve	memory:	given	blurred	
memory	trace,	how	to	reconstruct	original	memory	
as	accurately	as	possible?	e.g.	Can	you	draw	the	
Apple	logo?			

	
•  [Next	class]	How	does	our	brain	decide	whether	to	
retain	or	forget	a	piece	of	memory?	e.g.	Why	you	
remember	beWer	what	happened	yesterday	than	a	
day	last	week?	

It	depends	on	the	probability	that	we’ll	need	it	again.	

We	can	infer	about	it	based	on	some	of	our	experiences.		



Can	you	draw	the	Apple	logo?			



Reconstruc*ve	memory	

original	
s*mulus							

memory	
trace	

reconstructed	
s*mulus							

•  Defini*on:	assembling	informa*on	from	stored	
knowledge	when	a	detailed	memory	of	specific	events	
does	not	exist	

The Apple of the Mind’s Eye:  
Reconstructive memory for the Apple logo 

Adam B. Blake, Meenely Nazarian, &  Alan D. Castel 
University of California, Los Angeles 
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Visual Memory 
Huge capacity 

98% recognition accuracy for 
as many as 600 items  [1] 

Only a gist?  
No: 87% accuracy 
discriminating an item from its 
rotation [2] 

Is Attention Enough? 
Seeing is not Noticing 

U.S. Penny [3] 

Fire Extinguisher [4] 

 

Spatial memory still poor 
even when interaction is 
prerequisite 

Elevator panel [5]  
Numerical keypads [6] 

 Calculator: 27% vs Phone 49% 
suggests better with use, but… 

Skilled typists [7]  

Poor explicit memory for 
QWERTY keyboard 

Discussion 
While visual memory is sensitive to 
slight deviations, this is likely limited 
to intentional encoding. 
Metacognitive judgments are not 
sensitive to the difference between 
familiarity and memory for highly 
memorably items. 
Fits with work suggesting  judgments 
of performance  are inferred [8] 

Only 47% of the participants correctly identified the logo. Apple users 
were more confident than mixed, but no more accurate. 
Recognition did not correlate with confidence, r(83) = .062. 

Recognition 

Direct any questions/comments to adamblake@ucla.edu 

Apple significantly different from Mixed on 
confidence, t(31) = 2.96, p = .06. 

Research Questions 
Are details preserved for 
incredibly common logos? 

Are people appropriately 
confident in their memory? 

Are there differences across 
level of use? 

Recall 

Free recall for the very simple Apple logo was surprisingly poor: only 1 
out of 86 scored perfect and only 7 out of 86 with more lenient scoring. 
Recall positively correlated with confidence, r(83) = .33, p < .01. 

No significant differences along product usage. 
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Method 
1. Draw the Apple logo from memory, then rate confidence. 
2. Choose the Apple logo from alternatives, then rate confidence. 
3. Short questionnaire on product use. 

Follow-up 
Method 

Rate confidence before 
drawing logo, then full task 

Results 

Confidence before drawing 
(M= 8.58, SD= 1.77) was much 
higher than after (M= 5.54, 
SD= 2.23), t(25) = 7.63, d = 
1.50, p < .001. 
The other patterns persisted. 

This poster can be viewed at www.cogfog.com/AB/presentations/ApplePnomix2014 

(Blake et al., 2015)



Bias	in	visual	memory:	a	repeated	reproduc*on	task	

Adopted	from	slides	from	85426	,	2017		



Recall	of	vegetable	size	

p(size|memory	trace)	α	p(memory	trace	|	size)	p(size)		

Separating out the contributions from category and object 
level is difficult because in many cases, the effects might 
operate in the same direction. This is illustrated in Figure 2, 
top panel. If an object is studied at a size that is small 
relative to both the category and object prior (e.g., a small 
apple), both of these priors will result in a positive bias. 
They are both operating in the same direction, toward the 
category center. The clearest demonstration of independent 
contributions of object and category level prior knowledge 
is provided when the effects go in opposite directions. For 
example, in Figure 2, bottom panel, the object (e.g., a large 
strawberry) is studied at a size that is large relative to the 
object prior but small relative to the category prior. In this 
case, the category effect leads to an overestimation while 
the object effect will lead to an underestimation of the 
object at reconstruction. The crucial comparison is between 
the top and bottom panel. In both cases, the objects are 
shown at exactly the same size during study. However, we 
predict that the reconstructed sizes will be different because 
of the difference in relative object sizes. 

Methods 
Participants were undergraduate students at the University 
of California, Irvine. There were 18 participants in the 
norming phase and 25 participants in the test phase.  

For the norming phase there were 37 images in 2 
categories: fruits and vegetables. For the test phase, 24 of 
the objects from each of the norming categories were used. 
See Figure 4 for examples. Another class of stimuli was also 
developed: abstract shapes created by drawing outlines of 
objects and filling with blue. See Figure 3 for examples. 
Norming Phase. All materials were presented on two 
computer screens. A reference object was presented on the 

left screen and the object of interest was presented on the 
right screen. Participants were asked to make three size 
judgments for each object: “What is the smallest (or average 
or largest) size of an object like this?” Participants 
manipulated the size of the object using a slider. Responses 
were measured on a scale from zero to one. Images were 
presented in random order and at one of four initial sizes 
relative to the overall screen size: 0.2, 0.4, 0.6 or 0.8. 

 
 
Figure 2. Predicted influences of category and object 
level priors for two objects studied at the same size. 

Category  prior
Object  prior

Category  prior
Object  prior

Relatively large 
study object

Absolute study size

Relatively small 
study object

Studied Size Object Influence Category Influence

Memory Phase. The study sizes of the images were 
sampled from the size ranges collected in the norming 
phase. For sampling, we used a truncated Gaussian 
distribution between the min and the max of the individual 
object range. The objects were never shown outside of the 
min-max range. The shapes category was yoked to the 
vegetable category for size and orientation on the screen. 
The specific study size for each shape was the same as that 
of its yoked vegetable. Participants were shown a 
continuous random sequence of study and test images. Each 
study image was presented a total of three times during the 
experiment, and there was always a related intervening test 
trial between presentations. Each participant completed 
three blocks of 72 study and test images. Study images were 
presented for two seconds. At test participants were asked to 
make two memory judgments. They were first asked to 
make a recognition decision about whether they 
remembered seeing the object at study. Second they were 
asked to make a recall judgment about the size of the object 
at study using the slider on the screen to manipulate the size 
of the object. Responses were measured on a scale from 
zero to one. 

Results 
Norming Phase. Figure 4 depicts the 24 objects from the 
vegetable category. The top panel indicates the range of the 
size judgments for individual objects averaged over 

 

 
Figure 4. Norming results for the vegetable category. 
Bars show the range of size judgments. The center 
horizontal lines show the mean of the ‘average’ 
judgments.  

 

 
Figure 3. Examples from the shapes category created by 
drawing outlines of objects filled in blue. 
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Study	phase	

…	

Separating out the contributions from category and object 
level is difficult because in many cases, the effects might 
operate in the same direction. This is illustrated in Figure 2, 
top panel. If an object is studied at a size that is small 
relative to both the category and object prior (e.g., a small 
apple), both of these priors will result in a positive bias. 
They are both operating in the same direction, toward the 
category center. The clearest demonstration of independent 
contributions of object and category level prior knowledge 
is provided when the effects go in opposite directions. For 
example, in Figure 2, bottom panel, the object (e.g., a large 
strawberry) is studied at a size that is large relative to the 
object prior but small relative to the category prior. In this 
case, the category effect leads to an overestimation while 
the object effect will lead to an underestimation of the 
object at reconstruction. The crucial comparison is between 
the top and bottom panel. In both cases, the objects are 
shown at exactly the same size during study. However, we 
predict that the reconstructed sizes will be different because 
of the difference in relative object sizes. 
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Test	phase:	what	is	the	size	of	this	vegetable	at	study?		

Separating out the contributions from category and object 
level is difficult because in many cases, the effects might 
operate in the same direction. This is illustrated in Figure 2, 
top panel. If an object is studied at a size that is small 
relative to both the category and object prior (e.g., a small 
apple), both of these priors will result in a positive bias. 
They are both operating in the same direction, toward the 
category center. The clearest demonstration of independent 
contributions of object and category level prior knowledge 
is provided when the effects go in opposite directions. For 
example, in Figure 2, bottom panel, the object (e.g., a large 
strawberry) is studied at a size that is large relative to the 
object prior but small relative to the category prior. In this 
case, the category effect leads to an overestimation while 
the object effect will lead to an underestimation of the 
object at reconstruction. The crucial comparison is between 
the top and bottom panel. In both cases, the objects are 
shown at exactly the same size during study. However, we 
predict that the reconstructed sizes will be different because 
of the difference in relative object sizes. 

Methods 
Participants were undergraduate students at the University 
of California, Irvine. There were 18 participants in the 
norming phase and 25 participants in the test phase.  

For the norming phase there were 37 images in 2 
categories: fruits and vegetables. For the test phase, 24 of 
the objects from each of the norming categories were used. 
See Figure 4 for examples. Another class of stimuli was also 
developed: abstract shapes created by drawing outlines of 
objects and filling with blue. See Figure 3 for examples. 
Norming Phase. All materials were presented on two 
computer screens. A reference object was presented on the 

left screen and the object of interest was presented on the 
right screen. Participants were asked to make three size 
judgments for each object: “What is the smallest (or average 
or largest) size of an object like this?” Participants 
manipulated the size of the object using a slider. Responses 
were measured on a scale from zero to one. Images were 
presented in random order and at one of four initial sizes 
relative to the overall screen size: 0.2, 0.4, 0.6 or 0.8. 
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Memory Phase. The study sizes of the images were 
sampled from the size ranges collected in the norming 
phase. For sampling, we used a truncated Gaussian 
distribution between the min and the max of the individual 
object range. The objects were never shown outside of the 
min-max range. The shapes category was yoked to the 
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The specific study size for each shape was the same as that 
of its yoked vegetable. Participants were shown a 
continuous random sequence of study and test images. Each 
study image was presented a total of three times during the 
experiment, and there was always a related intervening test 
trial between presentations. Each participant completed 
three blocks of 72 study and test images. Study images were 
presented for two seconds. At test participants were asked to 
make two memory judgments. They were first asked to 
make a recognition decision about whether they 
remembered seeing the object at study. Second they were 
asked to make a recall judgment about the size of the object 
at study using the slider on the screen to manipulate the size 
of the object. Responses were measured on a scale from 
zero to one. 

Results 
Norming Phase. Figure 4 depicts the 24 objects from the 
vegetable category. The top panel indicates the range of the 
size judgments for individual objects averaged over 

 

 
Figure 4. Norming results for the vegetable category. 
Bars show the range of size judgments. The center 
horizontal lines show the mean of the ‘average’ 
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Figure 3. Examples from the shapes category created by 
drawing outlines of objects filled in blue. 

(Hemmer & Steyvers, 2008)

P(es*mated	size|actual	size)	α	p(intui*ve	size|	actual	size)	pi(intui*ve	size)	,		
Pi(intui*ve	size)	is	probability	of	observing	a	fish	that	size	according	to	
distribu*on	of	shown	fish	sizes	

P(size|observa*on)	α	p(observa*on|size)	p(size)		



Recall	of	vegetable	size	

p(size|memory	trace)	α	p(memory	trace	|	size)	p(size)		

(Hemmer & Steyvers, 2008)

stored episodic representations resemble the original studied 
object features. The exact source of the noise is not modeled 
in this account but this could be related to decay or 
interference with other events entering memory. Standard 
Bayesian techniques can now be used to calculate the 
posterior distribution in Eq.1. The conditional probability of 
recalled stimulus value μr given the contents of memory y is 
given by a Gaussian distribution with mean μn, 

 yww on )1( −+= μμ   (2) 

where w=(1/σo
2)/[(1/σo

2)+(n/σm2)] and n is the number of 
samples taken from episodic memory. Note that the mean of 
the recalled stimulus values is a weighted linear 
combination of the prior mean μo and the mean of memory 
content y . The prior mean μo is weighted more heavily in 
recall when the prior has a higher precision (1/σo

2) and when 
the memory noise increases.  This corresponds to the 
intuitive notion that if the prior is strong, it will have a 
strong influence on recall. Similarly, if memory contents are 
very noisy, the prior will also exert a strong influence on 
recall.  

This model predicts systematic biases toward the category 
center, or prior category mean, at reconstruction. Figure 1 
illustrates these biases and the effect of the strength of the 
prior. The small vertical lines represent the small noisy 
samples (around 0.2) drawn from episodic memory at the 
time of test. In the left panels, we simulate drawing a single 
sample (n=1) from memory. The dashed lines represent 
prior knowledge, and the solid lines represent the posterior 
distribution that forms the basis for recall. Using classical 
statistical inference (top panel) with an uninformative prior, 
the posterior is centered on the mean of the memory sample 
-- there is no effect of the prior. Using Bayesian inference 
(bottom two panels), we specified a prior with mean μo 
=0.4. We simulated a relative vague prior with precision 
1/σo

2 = 200. Using the Bayesian inference procedure as 
described above, the resulting posterior is slightly shifted 
toward the prior. For a relative precise prior with precision 
1/σo

2 = 2000, the result is a posterior that is shifted much 
more away from the data and toward the prior. The right 
panels show the results when four samples (n=4) are drawn 
from memory. In this case, the evidence from memory is 
stronger which decreases the influence of the prior. 
Subsequently, the posterior distribution is less influenced by 
the prior.  

Extending the Basic Approach 
The approach sketched above formed the basis for the 

theory by Huttenlocher and colleagues. We propose a 
hierarchical extension to this theory where prior knowledge 
can come from multiple sources. We will conduct a 
behavioral experiment using natural objects such as fruits 
and vegetables for which participants have pre-experimental 
knowledge at multiple levels. For example, we expect that 

participants not only have prior knowledge at the category 
level (e.g. “I expect fruits to be roughly of this size”) but 
also at the object level (e.g. “I expect an apple to be of this 
size”). We predict that the influence of the object and 
category prior knowledge depends on an individual’s 
familiarity with the object and category. If a participant 
studies an object with which they are familiar, e.g., a 
chayote (a type of gourd), then they can use their knowledge 
about the common size of this object to aid their 
reconstruction and correct an otherwise noisy memory trace 
at test. Another participant that studies the same chayote, 
who does not know this object might be able to recognize it 
as a vegetable and can use his general knowledge at the 
category level to guide reconstruction. In the experiment, 
we will test some of the predictions from this extended 
theory, and focus on the role of multiple, hierarchical 
sources of prior knowledge in reconstructive memory.  

Figure 1. Illustrations of a Bayesian account for the 
systematic biases in reconstructive memory due to prior 
knowledge. See text for details. 
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Experiment 
In the following experiment we first measured the 

perceived size of common natural objects such as fruits and 
vegetables as an estimate of participants’ prior knowledge 
for these objects. In the second phase of the experiment we 
assessed recall memory for size. We used the observed size 
ranges from the norming phase as the foundation for the 
study sizes in order to encourage the use of prior 
knowledge.  

We predict that the effect of prior knowledge at the 
category and object level will be observed by systematic 
biases towards the mean of the object and category prior at 
reconstruction. At the category level, this means that small 
objects (e.g. raspberries) will be overestimated while large 
objects (e.g. pineapple) will be underestimated. At the 
object level, this means that objects presented at relatively 
small sizes (e.g., a small apple relative to all apples) will be 
overestimated while large objects (e.g., a large apple) will 
be underestimated.  



participants. The results follow a natural order: the mean 
‘average’ size judgment for mushrooms is smaller than for 
bell peppers, which are all smaller than celery, and so on. 
Participants expressed a large degree of agreement, although 
variability does increase with the magnitude of the objects. 
Memory Phase. Reconstruction error (reconstructed size – 
studied size) was used to measure performance in each 
category. Reconstruction error as a function of category and 
object class is plotted in Figure 5. Positive reconstruction 
error indicates overestimation while negative reconstruction 
error indicates underestimation. The observed pattern of 
correction toward the category center as indicated by 
negative slopes for all categories supports the prediction of 
category effects. To assess the influence of object priors, we 
divided the study objects into four classes based on the 
study sizes relative to the minimum and maximum 
acceptable sizes as assessed in the norming experiment. We 
divided the range between the minimum and maximum in 
four equal ranges and named those ranges “very small”, 
“small”, “large”, and “very large”. These classes therefore 
give the sizes of objects relative to the mean of the object – 
e.g. a “very large” object might be an apple that is studied at 
close to the maximum size (relative to all apples).  The 
results show a regular pattern for different object classes 
(very small < small < large < very large). This difference in 
intercepts by relative study size supports the prediction of 
object prior effects. To measure the effects of prior 
knowledge on reconstruction memory at both the category 
and object level, a regression model was fitted to each 
subject assuming a fixed slope and separate intercepts for 
each relative object size (except for the shapes category 
where we use one intercept). Average slopes and intercepts 
are reported in Table 1. 

The slope for each category was significantly different 
from zero (fruits: t(24)=-4.714, p=0.000, vegetables: t(24)=-
5.657, p=0.000, shapes: t(24)=-10.754, p=0.000). This is 
consistent with a category level influence of prior 
knowledge. A significant trend was observed within each 

category such that intercepts for very small object were 
larger than those of very large objects (fruits: t(24)=2.569, 
p=0.016, vegetables: t(24)=3.991, p=0.001). These 
differences are consistent with an object level influence of 
prior knowledge. 

Table 1. Average slopes and intercepts by category. 
 

 

                           Fruits                            Vegetables                      Shapes        
  Mean    SD N         Mean  SD N      Mean    SD    N
 
Slope  -.120 .127 25         -.191    .169 25           -.415   .193   25
               
Intercepts                    .142   .069   25
Very small  .057   .049  25          .089  .062 25        
Small   .048 .045 25          .075  .058 25 
Large   .040 .044 25          .065  .059 25 
Very large  .035 .054 25          .047     .065   25 

 
Figure 5. Reconstruction error by category. Positive and 
negative error indicates over- and underestimation 
respectively.  
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Model 
The results showed that natural stimuli such as fruits and 

vegetables are associated with multiple levels of pre-
experimental prior knowledge, each exerting an influence 
on reconstructive memory. In our first extension of the basic 
model by Huttenlocher and colleagues, we propose that 
prior knowledge can be represented at multiple levels of 
abstraction which can independently influence 
reconstruction from memory. We propose a simple mixture 
model where the prior mean and variance (μo, σo

2) is a 
combination of category and object level priors, 

  (1 )o i cz zμ μ μ= + −  (3) 

  (4) 222 )1( cio zz σσσ −+=

Bernoulli( )iz

where (μi , σi
2) represents the object prior associated with 

object i and (μc , σc
2) represents the category prior. The 

variable z weights the contribution of the object prior 
relative to the category prior. We assume that this weighting 
is determined by  

 θ∼  (5) 

where θi is a constant that represents the familiarity of an 
object. In this model, familiar objects lead to a prior that is 
more dependent on the object rather than the category. 
Similarly, this implements the intuitive notion that for 
unfamiliar objects, it is unlikely that the object prior is 
reliable and inference instead reverts to a higher-level prior 
based on categorical knowledge.  

As before, we assume that the computational goal for the 
participant is to invert the forward memory model and 
reconstruct the original event given the noisy memory 
contents and prior knowledge about the study event. The 
solution to this computational problem was described in Eq. 
2.  

Bias	in	Recall	of	mushroom	size	

(Hemmer & Steyvers, 2008)



Bias	in	temporal	memory	



Episodic	memory	and	Seman*c	memory		

•  Episodic	memory:	Personally	experienced	events	
(e.g.	size	of	a	specific	vegetable	s*mulus	studied	in	
an	experiment)	

•  Seman*c	memory:	Facts,	data,	general	informa*on,	
or	world	knowledge	(e.g.	general	knowledge	of	
vegetable	size)	

We	just	showed	that	reconstruc*ng	episodic	memory	is	
biased/influenced	by	seman*c	memory:	

p(size|memory	trace)	α	p(memory	trace	|	size)	p(size)		



Free	recall	task:		can	you	remember	as	many	objects	as	
you	can	in	the	next	picture	



By	Citobun	-	BY-SA	4.0,	hWps://commons.wikimedia.org/w/index.php?curid=61540634	
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Topic	model	-	documents	

assume that l consists of the gist of that sequence of words g and
the sense or meaning of each word, z ! !z1,z2, . . . ,zn), so l " (g,
z). We can now formalize the three problems identified in the
previous section:

Prediction: Predict wn#1 from w.

Disambiguation: Infer z from w.

Gist extraction: Infer g from w.

Each of these problems can be formulated as a statistical problem.
The prediction problem requires computing the conditional prob-
ability of wn#1 given w, P(wn#1|w). The disambiguation problem
requires computing the conditional probability of z given w,
P(z|w). The gist extraction problem requires computing the prob-
ability of g given w, P(g|w).

All of the probabilities needed to solve the problems of predic-
tion, disambiguation, and gist extraction can be computed from a
single joint distribution over words and latent structures, P(w, l).
The problems of prediction, disambiguation, and gist extraction
can thus be solved by learning the joint probabilities of words and
latent structures. This can be done using a generative model for
language. Generative models are widely used in machine learning
and statistics as a means of learning structured probability distri-
butions. A generative model specifies a hypothetical causal pro-
cess by which data are generated, breaking this process down into
probabilistic steps. Critically, this procedure can involve unob-

served variables, corresponding to latent structure that plays a role
in generating the observed data. Statistical inference can be used to
identify the latent structure most likely to have been responsible
for a set of observations.

A schematic generative model for language is shown in Fig-
ure 4a. In this model, latent structure l generates an observed
sequence of words w ! !w1, . . . ,wn). This relationship is illus-
trated using graphical model notation (e.g., Jordan, 1998; Pearl,
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Figure 3. (a) Latent semantic analysis (LSA) performs dimensionality reduction using the singular value
decomposition. The transformed word–document co-occurrence matrix, X, is factorized into three smaller
matrices, U, D, and V. U provides an orthonormal basis for a spatial representation of words, D weights those
dimensions, and V provides an orthonormal basis for a spatial representation of documents. (b) The topic model
performs dimensionality reduction using statistical inference. The probability distribution over words for each
document in the corpus conditioned on its gist, P(w|g), is approximated by a weighted sum over a set of
probabilistic topics, represented with probability distributions over words, P(w|z), where the weights for each
document are probability distributions over topics, P(z|g), determined by the gist of the document, g.

Figure 4. Generative models for language. (a) A schematic representa-
tion of generative models for language. Latent structure l generates words
w. This generative process defines a probability distribution over l, P(l),
and w given l, P(w|l). Applying Bayes’s rule with these distributions makes
it possible to invert the generative process, inferring l from w. (b) Latent
Dirichlet allocation (Blei et al., 2003), a topic model. A document is
generated by choosing a distribution over topics that reflects the gist of the
document, g, choosing a topic zi for each potential word from a distribution
determined by g, and then choosing the actual word wi from a distribution
determined by zi.
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1988). Graphical models provide an efficient and intuitive method
of illustrating structured probability distributions. In a graphical
model, a distribution is associated with a graph in which nodes are
random variables and edges indicate dependence. Unlike artificial
neural networks, in which a node typically indicates a single
unidimensional variable, the variables associated with nodes can
be arbitrarily complex. l can be any kind of latent structure, and w
represents a set of n words.

The graphical model shown in Figure 4a is a directed graphical
model, with arrows indicating the direction of the relationship
among the variables. The result is a directed graph, in which
“parent” nodes have arrows to their “children.” In a generative
model, the direction of these arrows specifies the direction of the
causal process by which data are generated: A value is chosen for
each variable by sampling from a distribution that conditions on
the parents of that variable in the graph. The graphical model
shown in the figure indicates that words are generated by first
sampling a latent structure, l, from a distribution over latent
structures, P(l), and then sampling a sequence of words, w, con-
ditioned on that structure from a distribution P(w|l). The process of
choosing each variable from a distribution conditioned on its
parents defines a joint distribution over observed data and latent
structures. In the generative model shown in Figure 4a, this joint
distribution is P(w, l) ! P(w|l)P(l).

With an appropriate choice of l, this joint distribution can be
used to solve the problems of prediction, disambiguation, and gist
extraction identified above. In particular, the probability of the
latent structure l given the sequence of words w can be computed
by applying Bayes’s rule:

P"l!w# !
P(w!l)P(l)

P(w)
, (2)

where

P(w) ! "
l

P(w!l)P(l).

This Bayesian inference involves computing a probability that
goes against the direction of the arrows in the graphical model,
inverting the generative process.

Equation 2 provides the foundation for solving the problems of
prediction, disambiguation, and gist extraction. The probability
needed for prediction, P(wn$1!w), can be written as

P(wn$1!w) ! "
l

P(wn$1!l,w)P(l!w), (3)

where P(wn$1!l) is specified by the generative process. Distribu-
tions over the senses of words, z, and their gist, g, can be computed
by summing out the irrelevant aspect of l,

P(z!w) ! "
g

P(l!w) (4)

P(g!w) ! "
z

P(l!w), (5)

where we assume that the gist of a set of words takes on a discrete
set of values—if it is continuous, then Equation 5 requires an
integral rather than a sum.

This abstract schema gives a general form common to all
generative models for language. Specific models differ in the latent
structure l that they assume, the process by which this latent
structure is generated (which defines P(l)), and the process by
which words are generated from this latent structure (which de-
fines P(w|l)). Most generative models that have been applied to
language focus on latent syntactic structure (e.g., Charniak, 1993;
Jurafsky & Martin, 2000; Manning & Schütze, 1999). In the next
section, we describe a generative model that represents the latent
semantic structure that underlies a set of words.

Representing Gist With Topics

A topic model is a generative model that assumes a latent
structure l ! (g, z), representing the gist of a set of words, g, as a
distribution over T topics and the sense or meaning used for the ith
word, zi, as an assignment of that word to one of these topics.1

Each topic is a probability distribution over words. A document—a
set of words—is generated by choosing the distribution over topics
reflecting its gist, using this distribution to choose a topic zi for
each word wi and then generating the word itself from the distri-
bution over words associated with that topic. Given the gist of the
document in which it is contained, this generative process defines
the probability of the ith word to be

P(wi!g) ! "
zi!1

T

P(wi!zi)P(zi!g), (6)

in which the topics, specified by P(w|z), are mixed together with
weights given by P(z|g), which vary across documents.2 The
dependency structure among variables in this generative model is
shown in Figure 4b.

Intuitively, P(w|z) indicates which words are important to a
topic, whereas P(z|g) is the prevalence of those topics in a docu-
ment. For example, if we lived in a world where people only wrote
about finance, the English countryside, and oil mining, then we
could model all documents with the three topics shown in Figure
1c. The content of the three topics is reflected in P(w|z): The
finance topic gives high probability to words like reserve and
federal, the countryside topic gives high probability to words like
stream and meadow, and the oil topic gives high probability to
words like petroleum and gasoline. The gist of a document, g,
indicates whether a particular document concerns finance, the

1 This formulation of the model makes the assumption that each topic
captures a different sense or meaning of a word. This need not be the
case—there may be a many-to-one relationship between topics and the
senses or meanings in which words are used. However, the topic assign-
ment still communicates information that can be used in disambiguation
and prediction in the way that the sense or meaning must be used.
Henceforth, we focus on the use of zi to indicate a topic assignment, rather
than a sense or meaning for a particular word.

2 We have suppressed the dependence of the probabilities discussed in
this section on the parameters specifying P(w|z) and P(z|g), assuming that
these parameters are known. A more rigorous treatment of the computation
of these probabilities is given in Appendix A.
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review articles

time. (See, for example, Figure 3 for 
topics found by analyzing the Yale Law 
Journal.) Topic modeling algorithms 
do not require any prior annotations or 
labeling of the documents—the topics 
emerge from the analysis of the origi-
nal texts. Topic modeling enables us 
to organize and summarize electronic 
archives at a scale that would be impos-
sible by human annotation.

Latent Dirichlet Allocation
We first describe the basic ideas behind 
latent Dirichlet allocation (LDA), which 
is the simplest topic model.8 The intu-
ition behind LDA is that documents 
exhibit multiple topics. For example, 
consider the article in Figure 1. This 
article, entitled “Seeking Life’s Bare 
(Genetic) Necessities,” is about using 
data analysis to determine the number 
of genes an organism needs to survive 
(in an evolutionary sense).

By hand, we have highlighted differ-
ent words that are used in the article. 
Words about data analysis, such as 
“computer” and “prediction,” are high-
lighted in blue; words about evolutionary 
biology, such as “life” and “organism,” 
are highlighted in pink; words about 
genetics, such as “sequenced” and 

“genes,” are highlighted in yellow. If we 
took the time to highlight every word in 
the article, you would see that this arti-
cle blends genetics, data analysis, and 
evolutionary biology in different pro-
portions. (We exclude words, such as 
“and” “but” or “if,” which contain little 
topical content.) Furthermore, know-
ing that this article blends those topics 
would help you situate it in a collection 
of scientific articles.

LDA is a statistical model of docu-
ment collections that tries to capture 
this intuition. It is most easily described 
by its generative process, the imaginary 
random process by which the model 
assumes the documents arose. (The 
interpretation of LDA as a probabilistic 
model is fleshed out later.)

We formally define a topic to be a 
distribution over a fixed vocabulary. For 
example, the genetics topic has words 
about genetics with high probability 
and the evolutionary biology topic has 
words about evolutionary biology with 
high probability. We assume that these 
topics are specified before any data 
has been generated.a Now for each 

a Technically, the model assumes that the top-
ics are generated first, before the documents.

document in the collection, we gener-
ate the words in a two-stage process.

 ! Randomly choose a distribution 
over topics.

 ! For each word in the document
a.  Randomly choose a topic from 

the distribution over topics in 
step #1.

b.  Randomly choose a word from the 
corresponding distribution over 
the vocabulary.

This statistical model reflects the 
intuition that documents exhibit mul-
tiple topics. Each document exhib-
its the topics in different proportion 
(step #1); each word in each docu-
ment is drawn from one of the topics 
(step #2b), where the selected topic is 
chosen from the per-document distri-
bution over topics (step #2a).b

In the example article, the distri-
bution over topics would place prob-
ability on genetics, data analysis, and 

b We should explain the mysterious name, “latent 
Dirichlet allocation.” The distribution that is 
used to draw the per-document topic distribu-
tions in step #1 (the cartoon histogram in Figure 
1) is called a Dirichlet distribution. In the genera-
tive process for LDA, the result of the Dirichlet 
is used to allocate the words of the document to 
different topics. Why latent? Keep reading.

Figure 1. The intuitions behind latent Dirichlet allocation. We assume that some number of “topics,” which are distributions over words,  
exist for the whole collection (far left). Each document is assumed to be generated as follows. First choose a distribution over the topics (the 
histogram at right); then, for each word, choose a topic assignment (the colored coins) and choose the word from the corresponding topic. 
The topics and topic assignments in this figure are illustrative—they are not fit from real data. See Figure 2 for topics fit from data.
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Topic	model	–scenes	

1988). Graphical models provide an efficient and intuitive method
of illustrating structured probability distributions. In a graphical
model, a distribution is associated with a graph in which nodes are
random variables and edges indicate dependence. Unlike artificial
neural networks, in which a node typically indicates a single
unidimensional variable, the variables associated with nodes can
be arbitrarily complex. l can be any kind of latent structure, and w
represents a set of n words.

The graphical model shown in Figure 4a is a directed graphical
model, with arrows indicating the direction of the relationship
among the variables. The result is a directed graph, in which
“parent” nodes have arrows to their “children.” In a generative
model, the direction of these arrows specifies the direction of the
causal process by which data are generated: A value is chosen for
each variable by sampling from a distribution that conditions on
the parents of that variable in the graph. The graphical model
shown in the figure indicates that words are generated by first
sampling a latent structure, l, from a distribution over latent
structures, P(l), and then sampling a sequence of words, w, con-
ditioned on that structure from a distribution P(w|l). The process of
choosing each variable from a distribution conditioned on its
parents defines a joint distribution over observed data and latent
structures. In the generative model shown in Figure 4a, this joint
distribution is P(w, l) ! P(w|l)P(l).

With an appropriate choice of l, this joint distribution can be
used to solve the problems of prediction, disambiguation, and gist
extraction identified above. In particular, the probability of the
latent structure l given the sequence of words w can be computed
by applying Bayes’s rule:

P"l!w# !
P(w!l)P(l)

P(w)
, (2)

where

P(w) ! "
l

P(w!l)P(l).

This Bayesian inference involves computing a probability that
goes against the direction of the arrows in the graphical model,
inverting the generative process.

Equation 2 provides the foundation for solving the problems of
prediction, disambiguation, and gist extraction. The probability
needed for prediction, P(wn$1!w), can be written as

P(wn$1!w) ! "
l

P(wn$1!l,w)P(l!w), (3)

where P(wn$1!l) is specified by the generative process. Distribu-
tions over the senses of words, z, and their gist, g, can be computed
by summing out the irrelevant aspect of l,

P(z!w) ! "
g

P(l!w) (4)

P(g!w) ! "
z

P(l!w), (5)

where we assume that the gist of a set of words takes on a discrete
set of values—if it is continuous, then Equation 5 requires an
integral rather than a sum.

This abstract schema gives a general form common to all
generative models for language. Specific models differ in the latent
structure l that they assume, the process by which this latent
structure is generated (which defines P(l)), and the process by
which words are generated from this latent structure (which de-
fines P(w|l)). Most generative models that have been applied to
language focus on latent syntactic structure (e.g., Charniak, 1993;
Jurafsky & Martin, 2000; Manning & Schütze, 1999). In the next
section, we describe a generative model that represents the latent
semantic structure that underlies a set of words.

Representing Gist With Topics

A topic model is a generative model that assumes a latent
structure l ! (g, z), representing the gist of a set of words, g, as a
distribution over T topics and the sense or meaning used for the ith
word, zi, as an assignment of that word to one of these topics.1

Each topic is a probability distribution over words. A document—a
set of words—is generated by choosing the distribution over topics
reflecting its gist, using this distribution to choose a topic zi for
each word wi and then generating the word itself from the distri-
bution over words associated with that topic. Given the gist of the
document in which it is contained, this generative process defines
the probability of the ith word to be

P(wi!g) ! "
zi!1

T

P(wi!zi)P(zi!g), (6)

in which the topics, specified by P(w|z), are mixed together with
weights given by P(z|g), which vary across documents.2 The
dependency structure among variables in this generative model is
shown in Figure 4b.

Intuitively, P(w|z) indicates which words are important to a
topic, whereas P(z|g) is the prevalence of those topics in a docu-
ment. For example, if we lived in a world where people only wrote
about finance, the English countryside, and oil mining, then we
could model all documents with the three topics shown in Figure
1c. The content of the three topics is reflected in P(w|z): The
finance topic gives high probability to words like reserve and
federal, the countryside topic gives high probability to words like
stream and meadow, and the oil topic gives high probability to
words like petroleum and gasoline. The gist of a document, g,
indicates whether a particular document concerns finance, the

1 This formulation of the model makes the assumption that each topic
captures a different sense or meaning of a word. This need not be the
case—there may be a many-to-one relationship between topics and the
senses or meanings in which words are used. However, the topic assign-
ment still communicates information that can be used in disambiguation
and prediction in the way that the sense or meaning must be used.
Henceforth, we focus on the use of zi to indicate a topic assignment, rather
than a sense or meaning for a particular word.

2 We have suppressed the dependence of the probabilities discussed in
this section on the parameters specifying P(w|z) and P(z|g), assuming that
these parameters are known. A more rigorous treatment of the computation
of these probabilities is given in Appendix A.
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studied for a longer period, more objects overall are noticed 
and will need to be encoded. This longer list might not be 
encoded entirely by episodic means and part of the encoding 
might be based on generalized semantic knowledge. This 
will lead to lower accuracy for the first few items recalled 
but to higher accuracy at later output positions because of 
the enhanced semantic encoding.  

Figure 1 also shows the performance one can expect from 
prior knowledge in the absence of any episodic information. 
This is the case where the image was not studied at all 
(corresponding to zero second study time). Even though we 
did not actually run this in the memory experiment, we can 
consider the responses from the prior knowledge experiment 
as reasonable guesses to the objects of an image in a 
particular scene. We ran an analysis where we treated the 
prior knowledge responses for each scene type as memory 
responses for the image (for the same type), preserving the 
order of the responses. Figure 1 shows that the performance 
of this condition is fairly high. The first item guessed in the 
prior knowledge experiment leads to 85% accuracy in the 
memory experiment, even though the response is not 
associated with any episodic knowledge of the task. For 
later responses, accuracy does decrease but cumulative 
accuracy is still higher than 55% even after guessing 16 
items. The difference between the performance from prior 
knowledge and actual recall reveals the contribution of 
episodic memory, which might be smaller than one might 
expect. These results demonstrate that general knowledge of 
scenes can greatly contribute to the accuracy of recalling 
objects from natural scenes. 

A Model for Object Recall in Natural Scenes 
One conclusion from our empirical study is that semantic 

knowledge can lead to good baseline performance in scene 
memory. When recalling objects from a kitchen that has 
never been seen before, recall can be reasonably good if the 
guesses are based on general knowledge of kitchen scenes 
(e.g., guesses such as “refrigerator”, and “sink”). Of course, 
performance improves when actual episodic memories of 
the particular image can be retrieved. This raises the 
question of how the interaction between episodic and 
semantic memory can be modeled. We will first discuss a 
topic model for scenes that approximates the semantic 
knowledge people might have about objects in scenes and 
then develop a dual route topic model that integrates both 
episodic as well as semantic memory information.  

A Topic Model for Scenes 
Probabilistic topic models have been developed as a 

method to automatically learn semantic representations for 
documents by analyzing the statistical relationships between 
words and the documents they occur in (e.g. Griffiths & 
Steyvers, 2004; Griffiths, Steyvers & Tenenbaum, 2007). In 
the topic model, each document is expressed as a mixture of 
topics that can be thought of as the gist of a document, and 
each topic represents a probability distribution over words.  
Here, we apply the topic model to a subset of 13,572 images 

of the LabelMe database (Russel & Torralba, 2008). These 
images were annotated by volunteers resulting in a total of 
87,152 labels and 3782 unique types. The subset contains 
images of natural scenes, such as urban street scenes and 
indoor scenes of kitchens and offices.  
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Figure 2. The graphical model representation for A) the standard 
topic model and B) the dual route topic model. 
 

We treat each scene from the database as a mixture of topics 
and each topic as a distribution over image objects. This 
specifies a generative model in which objects in a scene are 
selected by first sampling a topic from the topic distribution 
associated with the scene and then sampling an object from 
the topic. Specifically, the conditional distribution of an 
object o in a scene s is given by, 
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where p(o| z=t) is the multinomial distribution over objects 
given topic t and indicates which objects are important to a 
topic, and p(z=t| s) is the multinomial distribution over 
topics given scene s and indicates which topics are 
important to a particular scene. 
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Figure 3. Model predictions for three scene types: kitchen, 
office and urban. The bar graphs show the distribution over 50 
topics for a scene with topic indices for the two most likely 
topics. The rank-ordered object distributions corresponding to 
these topics are shown below. Objects labeled in bold were 
part of the original image annotations. 
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studied for a longer period, more objects overall are noticed 
and will need to be encoded. This longer list might not be 
encoded entirely by episodic means and part of the encoding 
might be based on generalized semantic knowledge. This 
will lead to lower accuracy for the first few items recalled 
but to higher accuracy at later output positions because of 
the enhanced semantic encoding.  

Figure 1 also shows the performance one can expect from 
prior knowledge in the absence of any episodic information. 
This is the case where the image was not studied at all 
(corresponding to zero second study time). Even though we 
did not actually run this in the memory experiment, we can 
consider the responses from the prior knowledge experiment 
as reasonable guesses to the objects of an image in a 
particular scene. We ran an analysis where we treated the 
prior knowledge responses for each scene type as memory 
responses for the image (for the same type), preserving the 
order of the responses. Figure 1 shows that the performance 
of this condition is fairly high. The first item guessed in the 
prior knowledge experiment leads to 85% accuracy in the 
memory experiment, even though the response is not 
associated with any episodic knowledge of the task. For 
later responses, accuracy does decrease but cumulative 
accuracy is still higher than 55% even after guessing 16 
items. The difference between the performance from prior 
knowledge and actual recall reveals the contribution of 
episodic memory, which might be smaller than one might 
expect. These results demonstrate that general knowledge of 
scenes can greatly contribute to the accuracy of recalling 
objects from natural scenes. 

A Model for Object Recall in Natural Scenes 
One conclusion from our empirical study is that semantic 

knowledge can lead to good baseline performance in scene 
memory. When recalling objects from a kitchen that has 
never been seen before, recall can be reasonably good if the 
guesses are based on general knowledge of kitchen scenes 
(e.g., guesses such as “refrigerator”, and “sink”). Of course, 
performance improves when actual episodic memories of 
the particular image can be retrieved. This raises the 
question of how the interaction between episodic and 
semantic memory can be modeled. We will first discuss a 
topic model for scenes that approximates the semantic 
knowledge people might have about objects in scenes and 
then develop a dual route topic model that integrates both 
episodic as well as semantic memory information.  

A Topic Model for Scenes 
Probabilistic topic models have been developed as a 

method to automatically learn semantic representations for 
documents by analyzing the statistical relationships between 
words and the documents they occur in (e.g. Griffiths & 
Steyvers, 2004; Griffiths, Steyvers & Tenenbaum, 2007). In 
the topic model, each document is expressed as a mixture of 
topics that can be thought of as the gist of a document, and 
each topic represents a probability distribution over words.  
Here, we apply the topic model to a subset of 13,572 images 

of the LabelMe database (Russel & Torralba, 2008). These 
images were annotated by volunteers resulting in a total of 
87,152 labels and 3782 unique types. The subset contains 
images of natural scenes, such as urban street scenes and 
indoor scenes of kitchens and offices.  
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Figure 2. The graphical model representation for A) the standard 
topic model and B) the dual route topic model. 
 

We treat each scene from the database as a mixture of topics 
and each topic as a distribution over image objects. This 
specifies a generative model in which objects in a scene are 
selected by first sampling a topic from the topic distribution 
associated with the scene and then sampling an object from 
the topic. Specifically, the conditional distribution of an 
object o in a scene s is given by, 
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where p(o| z=t) is the multinomial distribution over objects 
given topic t and indicates which objects are important to a 
topic, and p(z=t| s) is the multinomial distribution over 
topics given scene s and indicates which topics are 
important to a particular scene. 
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Figure 3. Model predictions for three scene types: kitchen, 
office and urban. The bar graphs show the distribution over 50 
topics for a scene with topic indices for the two most likely 
topics. The rank-ordered object distributions corresponding to 
these topics are shown below. Objects labeled in bold were 
part of the original image annotations. 
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(Hemmer & Steyvers, 2009)



Why	P(o|s)	≈	P(recall	o|	study	s)	

•  U*lizing	the	gist/topics	of	a	list	of	items	has	a	
slower	memory	decay	(Toglia,	2010)	

•  Items	that	are	consistent	with	people’s	prior	
knowledge	are	easier	to	remember	(Alba	and	
Hasher,	1983;	Tse	et	al.,	2007)		

	

studied for a longer period, more objects overall are noticed 
and will need to be encoded. This longer list might not be 
encoded entirely by episodic means and part of the encoding 
might be based on generalized semantic knowledge. This 
will lead to lower accuracy for the first few items recalled 
but to higher accuracy at later output positions because of 
the enhanced semantic encoding.  

Figure 1 also shows the performance one can expect from 
prior knowledge in the absence of any episodic information. 
This is the case where the image was not studied at all 
(corresponding to zero second study time). Even though we 
did not actually run this in the memory experiment, we can 
consider the responses from the prior knowledge experiment 
as reasonable guesses to the objects of an image in a 
particular scene. We ran an analysis where we treated the 
prior knowledge responses for each scene type as memory 
responses for the image (for the same type), preserving the 
order of the responses. Figure 1 shows that the performance 
of this condition is fairly high. The first item guessed in the 
prior knowledge experiment leads to 85% accuracy in the 
memory experiment, even though the response is not 
associated with any episodic knowledge of the task. For 
later responses, accuracy does decrease but cumulative 
accuracy is still higher than 55% even after guessing 16 
items. The difference between the performance from prior 
knowledge and actual recall reveals the contribution of 
episodic memory, which might be smaller than one might 
expect. These results demonstrate that general knowledge of 
scenes can greatly contribute to the accuracy of recalling 
objects from natural scenes. 

A Model for Object Recall in Natural Scenes 
One conclusion from our empirical study is that semantic 

knowledge can lead to good baseline performance in scene 
memory. When recalling objects from a kitchen that has 
never been seen before, recall can be reasonably good if the 
guesses are based on general knowledge of kitchen scenes 
(e.g., guesses such as “refrigerator”, and “sink”). Of course, 
performance improves when actual episodic memories of 
the particular image can be retrieved. This raises the 
question of how the interaction between episodic and 
semantic memory can be modeled. We will first discuss a 
topic model for scenes that approximates the semantic 
knowledge people might have about objects in scenes and 
then develop a dual route topic model that integrates both 
episodic as well as semantic memory information.  

A Topic Model for Scenes 
Probabilistic topic models have been developed as a 

method to automatically learn semantic representations for 
documents by analyzing the statistical relationships between 
words and the documents they occur in (e.g. Griffiths & 
Steyvers, 2004; Griffiths, Steyvers & Tenenbaum, 2007). In 
the topic model, each document is expressed as a mixture of 
topics that can be thought of as the gist of a document, and 
each topic represents a probability distribution over words.  
Here, we apply the topic model to a subset of 13,572 images 

of the LabelMe database (Russel & Torralba, 2008). These 
images were annotated by volunteers resulting in a total of 
87,152 labels and 3782 unique types. The subset contains 
images of natural scenes, such as urban street scenes and 
indoor scenes of kitchens and offices.  
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Figure 2. The graphical model representation for A) the standard 
topic model and B) the dual route topic model. 
 

We treat each scene from the database as a mixture of topics 
and each topic as a distribution over image objects. This 
specifies a generative model in which objects in a scene are 
selected by first sampling a topic from the topic distribution 
associated with the scene and then sampling an object from 
the topic. Specifically, the conditional distribution of an 
object o in a scene s is given by, 
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where p(o| z=t) is the multinomial distribution over objects 
given topic t and indicates which objects are important to a 
topic, and p(z=t| s) is the multinomial distribution over 
topics given scene s and indicates which topics are 
important to a particular scene. 
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Figure 3. Model predictions for three scene types: kitchen, 
office and urban. The bar graphs show the distribution over 50 
topics for a scene with topic indices for the two most likely 
topics. The rank-ordered object distributions corresponding to 
these topics are shown below. Objects labeled in bold were 
part of the original image annotations. 

1559



(Brewer & Treyens,1981)



Figure 2, panel A shows a graphical model representation 
of the topic model. Shaded nodes represent observed 
variables while nodes without shading represent unobserved 
variables. The arrows indicate the conditional dependencies 
between the variables, and the plates show the replications 
of sampling steps. There are S scenes and each scene has Ns 
objects. The variable θ is the scene-topic multinomial and φ 
is the topic-object multinomial. The priors on the 
multinomials are Dirichlet distributed with hyperparameters 
α and β. We treat α and β as constants in the model (we set 
α = 0.1 and β = 0.01).  

We applied the topic model with T=50 topics to the 
LabelMe image database and used Gibbs sampling to infer 
both p(o| z=t) and p(z=t| s).  Several examples of topic 
distributions are illustrated in figure 3. The figure shows 
images from three different scene types: kitchen, office, and 
urban with the inferred topic distribution for that image. For 
example, topic 12 is the most likely topic for the particular 
kitchen image and topic 27 is the most likely topic for the 
particular office image. Some of the likely topics are 
illustrated in at the bottom of figure 3. This shows the list of 
most likely objects associated with each topic. Overall, the 
model shows that the topics for each image qualitatively 
capture the semantic context of the image. The likely 
objects in the topics associated with scenes are objects that 
can reasonably be found in the respective scenes, and seem 
o describe the ‘gist’ of the scene.  t 

A Dual Route Model for Object Recall 
The topic model itself cannot be a complete model for 

reconstructive memory. The topic distribution for a scene 
provides a generalized representation for the occurrence of 
objects in scenes (e.g., offices), which is useful to 
characterize the “gist” of a scene. However, the distribution 
over topics is insufficient to represent the exact set of 
objects present in an image. In human memory, recall can 
be quite accurate, if given enough study time. Therefore, to 
give a more complete account of human memory, we need 
to expand the topic model with an additional component that 
allows the model to reconstruct the specific objects present 
in a scene.   

 We will now describe an extension to the standard topic 
model called the dual route topic model introduced by 
Steyvers and Griffith (2008). We will apply the model to the 
problem of scene recall. In the model, recall of objects in a 
scene is a result of two processes: episodic recall and recall 
based on the semantic context. The semantic information is 
an abstraction based on the statistical regularities of the 
collection of scenes. For each image, the semantic context is 
encoded by a probability distribution over topics. The 
episodic information is based on a noisy encoding of the 
actual list of objects present in the image to be remembered. 
In the model, we will implement episodic noise by a simple 
sampling process. We assume that the episodic sampling 
process is based on a multinomial distribution over objects 
with a symmetric Dirichlet prior, 

| ~ Mult( )
~ Dirichlet( )E

o ψ ψ

ψ β
 

where  βE is the hyperparameter that controls the amount of 
smoothing. Note that this process is not just defined over the 
observed objects in the image, but over all object types (i.e., 
the object vocabulary). In this process, it is possible to give 
high probability to a variety of objects, making them likely 
to be retrieved from the episodic route. However, with the 
Dirichlet prior, a capacity constraint can be built in. With 
small values of βE, it is unlikely, a priori, that the probability 
over objects is distributed over a large number of objects, 
therefore encouraging a sparse representation of objects. 
Therefore, the smoothing parameter determines how much 
of the retrieval process focuses on the observed objects 
versus other objects in the vocabulary.  

               
                (2) 
                (3) 

If recall is based strictly on this episodic component, 
performance should be accurate, at least for a subset of 
items on the list, but it could potentially fail to fully retrieve 
the whole list. If recall is based strictly on semantic 
information performance might not be as accurate but the 
topic distribution allows retrieval of a larger number of 
items. The dual route topic model allows recall to be a 
mixture of these two extremes. The weighting is such that 
recall is neither too specific nor too general. In the model a 
mixing process determines if an object is generated using 
the episodic route or using semantic information. An 
indicator variable x, acts as a switch such that if x=1, the 
object is sampled from the semantic route, and if x=0, the 
object is sampled from the episodic route. We assume that 
the probability of a route assignment is distributed Bernoulli 
with a symmetric Beta prior: 

| ~ Bernoulli( )
~ Beta( )

x λ λ
λ γ

 

Therefore, the conditional distribution of an object o 
given a scene s, is given by:  
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where the first term is the distribution over objects predicted 
by the topic model weighted by the probability of a route 
assignment in favor of a semantic encoding. The second 
term is the object distribution p’(o| s), predicted by the 
episodic route weighted by the probability of a route 
assignment in favor of an episodic encoding.  

Note that this model specifies a generative procedure for 
producing objects in a given scene. Figure 2B shows a 
graphical representation of the complete model. Note that 
we assume that the distribution over objects in each topic, 
φS, is observed and estimated by the topic model in a prior 
learning phase. 

The main use of the model is as an encoding model where 
the goal is to infer the encoding parameters conditional on 
the observed set of objects in an image. In other words, the 
goal is to find an encoding such that during retrieval, the 
model is likely to reconstruct the observed set of objects in 
an image, taking into account the probabilistic constraints of 
the model – the built in capacity constraint for the episodic 
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               (6)
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Experiment	

have about certain types of scenes, we also conducted a 
norming study where we asked participants to name the 
objects they expected to appear in certain types of natural 
scenes, without actually showing them any image. Finally, 
we ran a perception experiment, using the same images as 
used in the memory experiment, where participants were 
asked to name all the objects that they perceived in the 
image. This perception experiment allowed us to assess the 
ground truth of which objects were perceived to be present 
in each image, which can be used to score the accuracy of 
responses in the memory experiment. 

Methods 
Participants were undergraduate students at the University 

of California, Irvine. There were 22 participants in the prior 
knowledge experiment, 25 participants in the perception 
experiment, and 49 participants in the memory experiment. 
Materials. We sampled 10 images from the LabelMe 
database (Russel & Torralba, 2008) where we chose 2 
images each of 5 different scene types. The scene types 
correspond to kitchen, dining, office, hotel room, and urban 
scenes.   
Prior Knowledge Experiment. To assess prior (semantic) 
knowledge about specific scenes, we asked participants to 
list objects that they would expect to occur in a given scene 
type (which was described by the verbal label). Participants 
entered their responses on a computer screen and were 
required to make responses for a minimum of 60 seconds 
before continuing to the next question.  
Perception Experiment. In this experiment, we assessed 
the ground truth for the occurrence of objects in each of the 
10 images. Materials were presented on two computer 
screens. The image was presented on the left screen while 

response instructions and a response box were presented on 
the right screen. Participants were asked to list the objects 
present in each image and were required to make responses 
for a minimum of 6o seconds. They received feedback 
based on matching their responses to those of previous 
participants. Images were presented in random order 
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Figure 1. Cumulative accuracy as a function of study time and 
output position. The figure also shows the simulated 
performance when one treats the responses from the prior 
knowledge experiment as responses in the memory experiment  
 

Memory Experiment. For the memory experiment, 
participants studied an image for either 2 or 10 seconds. 
After completing a short distracter task, participants were 
asked to list all the objects they recalled seeing in the 
presented image. Study images were presented in random 
order. Each participant only saw 5 images, one from each 
scene type, to avoid carryover effects where the memory 
from one scene type affects recall of another image of the 
same type. 
Response Normalization. Responses for all experiments 
were corrected for spelling, plurals, and qualifiers (e.g., 
numbers, color, size and location). For example, “chair” and 
“chairs” were mapped to the single entry “chair”, and 
“silver car” was mapped as “car”.  

Results and Discussion 
To measure performance in the memory experiment, we 

checked whether a given recalled object was part of any of 
the responses that were given by participants in the 
perception experiment. If it was, it was scored as a correct 
response. If it was not, we manually checked whether the 
recalled object could still be considered as a description of 
an object that was part of the image. Only if it was not, the 
response was scored as incorrect. We calculated cumulative 
accuracy in the memory experiment as a function of the 
output position. In other words, we calculated the mean 
accuracy for the first item recalled, first two items recalled, 
etc.  Figure 1 shows the cumulative accuracy as a function 
of output position and study time. Overall, cumulative 
accuracy decreases as a function of output position. 
Therefore, more intrusions are made later in recall, a finding 
compatible with results from the verbal memory domain 
(Roediger & McDermott, 1995). Cumulative accuracy was 
highest for the short study time condition for the first five 
output positions. After the sixth output position, the 
cumulative accuracy was best for the long study time 
conditions. Therefore, the somewhat counterintuitive 
finding here is that shorter study times do not necessarily 
lead to worse performance – the first few items remembered 
are more likely to be correct compared to a condition with 
longer study times (however, the total number of correct 
responses is greater with longer study times; for 2 and 10 
second conditions, there were an average of 7 and 9 correct 
responses respectively per subjects per image).  

We can explain this finding as an effect of the trade-off 
between episodic memory and semantic knowledge. For 
short study times, only a few objects might have been 
observed. Some of these objects can be encoded 
episodically without running into interference or capacity 
constraints. These few objects can subsequently be output 
with fairly high accuracy. On the other hand, if a scene is 
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route and the overgeneralization of the semantic route. 

Because the model assumes that each object originates from 

a single memory route, the goal of encoding is to infer 

which objects can be encoded via the episodic route and 

which objects can be reconstructed by a probability 

distribution over topics (specific for the image studied).  

The latent variables z and x can be inferred using Gibbs 

sampling (the remaining latent variables can be integrated 

out). The topic and route assignment for the i-th object can 

be jointly determined conditional on all other assignments: 
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where M is the number of unique objects labels in the 

LabelMe database, n0,-i is the number of time the episodic 

route is assigned, n1,-i is the number of times the semantic 

route is assigned, and no,-i is the number of times a specific 

object o is assigned to the episodic route. The subscript –i 
indicates that the assignment for the i-th object is not 

included in the counts.  We treated the hyperparameters α, 

βE
 and γ as constants in the model (we set α= 0.1, βE

= 

0.000001, and γ=0.3). 

We applied the dual route topic model to a small number 

of images from the LabelMe image set. We selected a set of 

10 images to correspond with the 10 images used in the 

memory experiment. The images used in the simulation 

were selected based on having a relatively large number of 

annotations (30-60).  

Up to this point, the model specifies a retrieval 

probability  for each object i. Ideally, one 

would recall objects from this distribution strictly in order 

of decreasing probability. However, we assume that people 

cannot determine the strict order of probabilities. Therefore, 

we incorporate noise in the recall sampling process by 

letting the actual recall probability be based on a soft-max 

sampling process: 

( | )
retrieve
ip p o=

            

1 1
exp( ) exp( )

recall retrieve retrieve
i i j

p p p
τ τ

= ∑ j
         (8)  

where τ is the parameter that controls the sampling noise. 

We set τ =0.008. In the experiment, participants were not 

allowed to repeat previous answers. To simulate this with 

the model, we sampled objects without replacement from 

the recall distribution. 

To simulate the effect of study time we selected two 

subsets of the annotation word list for the images: a set of 

80% of the annotations and a set of 20 % of the annotations. 

This corresponds to the idea that when studying an image 

for a restricted period of time not all the objects in the image 

are noticed. Subsets were created by drawing a random 

sample of objects from the full object set. Figure 4 shows 

the model predictions plotted in the same way as the results 

of our empirical study. The results show a qualitative fit to 

the experimental data. Objects from the smaller subset, 

corresponding to short study times, have initial higher 

accuracy, while a larger subset has initial lower accuracy 

followed by a cross-over. This models the somewhat 

counter-intuitive finding of our empirical study that the first 

few objects recalled for short study times are more likely to 

be correct than for longer study times. The model explains 

this finding because of different weightings of the two 

encoding routes, episodic and semantic.  If a scene is 

studied for a longer period of time more objects are noticed 

and encoded, but it is more difficult to accurately store the 

longer list of object in memory because of the sparsity 

constraint in the episodic memory route. This leads to a 

greater number of objects encoded by the semantic route. 

While this route cannot fully reconstruct the objects present 

in the image, it is able to “guess” a larger number of objects, 

leading to relatively higher cumulative accuracy for later 

output positions. In contrast, seeing a scene for a shorter 

period of time, leads one to notice fewer objects but these 

objects can be encoded more effectively by the episodic 

route. However, the semantic context is not as well encoded 

in this case, leading to poorer performance for later output 

positions. Figure 5 show the probabilities of route 

assignments for three conditions: full set of objects, and the 

80% and 20% subset conditions corresponding to long and 

short study times. Smaller word sets lead to greater episodic 

contributions, while larger word sets lead to almost equal 

contributions of episodic and semantic encoding routes.  
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Figure 4: Model predictions: cumulative accuracy by output 

position when 80% and 20% of the objects have been 

perceptually encoded. The two conditions simulate the effect of 

long and short study times respectively.  
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Figure 5: Model predictions for the full response set and for 

two sub sets of 80% and 20% of responses respectively. 
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route and the overgeneralization of the semantic route. 

Because the model assumes that each object originates from 

a single memory route, the goal of encoding is to infer 

which objects can be encoded via the episodic route and 

which objects can be reconstructed by a probability 

distribution over topics (specific for the image studied).  

The latent variables z and x can be inferred using Gibbs 

sampling (the remaining latent variables can be integrated 

out). The topic and route assignment for the i-th object can 

be jointly determined conditional on all other assignments: 
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where M is the number of unique objects labels in the 

LabelMe database, n0,-i is the number of time the episodic 

route is assigned, n1,-i is the number of times the semantic 

route is assigned, and no,-i is the number of times a specific 

object o is assigned to the episodic route. The subscript –i 
indicates that the assignment for the i-th object is not 

included in the counts.  We treated the hyperparameters α, 

βE
 and γ as constants in the model (we set α= 0.1, βE

= 

0.000001, and γ=0.3). 

We applied the dual route topic model to a small number 

of images from the LabelMe image set. We selected a set of 

10 images to correspond with the 10 images used in the 

memory experiment. The images used in the simulation 

were selected based on having a relatively large number of 

annotations (30-60).  

Up to this point, the model specifies a retrieval 

probability  for each object i. Ideally, one 

would recall objects from this distribution strictly in order 

of decreasing probability. However, we assume that people 

cannot determine the strict order of probabilities. Therefore, 

we incorporate noise in the recall sampling process by 

letting the actual recall probability be based on a soft-max 

sampling process: 

( | )
retrieve
ip p o=

            

1 1
exp( ) exp( )

recall retrieve retrieve
i i j

p p p
τ τ

= ∑ j
         (8)  

where τ is the parameter that controls the sampling noise. 

We set τ =0.008. In the experiment, participants were not 

allowed to repeat previous answers. To simulate this with 

the model, we sampled objects without replacement from 

the recall distribution. 

To simulate the effect of study time we selected two 

subsets of the annotation word list for the images: a set of 

80% of the annotations and a set of 20 % of the annotations. 

This corresponds to the idea that when studying an image 

for a restricted period of time not all the objects in the image 

are noticed. Subsets were created by drawing a random 

sample of objects from the full object set. Figure 4 shows 

the model predictions plotted in the same way as the results 

of our empirical study. The results show a qualitative fit to 

the experimental data. Objects from the smaller subset, 

corresponding to short study times, have initial higher 

accuracy, while a larger subset has initial lower accuracy 

followed by a cross-over. This models the somewhat 

counter-intuitive finding of our empirical study that the first 

few objects recalled for short study times are more likely to 

be correct than for longer study times. The model explains 

this finding because of different weightings of the two 

encoding routes, episodic and semantic.  If a scene is 

studied for a longer period of time more objects are noticed 

and encoded, but it is more difficult to accurately store the 

longer list of object in memory because of the sparsity 

constraint in the episodic memory route. This leads to a 

greater number of objects encoded by the semantic route. 

While this route cannot fully reconstruct the objects present 

in the image, it is able to “guess” a larger number of objects, 

leading to relatively higher cumulative accuracy for later 

output positions. In contrast, seeing a scene for a shorter 

period of time, leads one to notice fewer objects but these 

objects can be encoded more effectively by the episodic 

route. However, the semantic context is not as well encoded 

in this case, leading to poorer performance for later output 

positions. Figure 5 show the probabilities of route 

assignments for three conditions: full set of objects, and the 

80% and 20% subset conditions corresponding to long and 

short study times. Smaller word sets lead to greater episodic 

contributions, while larger word sets lead to almost equal 

contributions of episodic and semantic encoding routes.  
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Figure 4: Model predictions: cumulative accuracy by output 

position when 80% and 20% of the objects have been 

perceptually encoded. The two conditions simulate the effect of 

long and short study times respectively.  
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Model	



Is	there	neural	evidence	of	dis*nct	
episodic	path	and	seman*c	path?	



Memory	&	The	Brain	

Neocortex	



Complementary	Learning	System	

New	informa*on	

Hippocampus	

Neocortex	

Outside	world	 Our	brain	

e.g.	Penguin	cannot	fly.		 e.g.	Birds	can	fly;	
				Penguin	is	a	kind	of	bird.		

(Kumaran, 2016; McClelland, 1995)	



An	Update	to	the	Complementary	Learning	
System	

New	informa*on	

Hippocampus	

Neocortex	

Outside	world	 Our	brain	

e.g.	Penguin	cannot	fly.		 e.g.	Birds	can	fly;	
				Penguin	is	a	kind	of	bird.		

(Tse, 2007)	

e.g.	Doves	can	fly.		

Medial	prefrontal	cortex	(mPFC)	is	responsible	for	detec*ng	whether	the	new	
informa*on	is	consistent	with	prior	knowledge.	(van Kesteren, 2012)	
		



Episodic	path	and	seman*c	path	in	free	recall	task	

New	informa*on	

Hippocampus	

Neocortex	

Outside	world	 Our	brain	

e.g.	Skull	in	the	office	 e.g.	knowledge	of	what	objects	
are	usually	in	a	kitchen	

e.g.	Stove	in	the	kitchen	



Recap	

•  What	is	reconstruc*ve	memory	
•  Two	ways	to	model	the	effect	of	prior	
knowledge	in	reconstruc*ve	memory	

•  Neural	evidence	of	episodic/seman*c	paths	


