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Similarity and generalization as discounted integration over higher-order paths in
semantic networks

Valerio Rubino (valerio.rubino@unitn.it)1 & Manuela Piazza1
1Center for Mind/Brain Science, University of Trento, 39068 Italy

Abstract

Similarity and generalization are often assumed to reflect dis-
tance in an underlying representational space. In semantic
networks, however, distance can be defined by both shortest
paths or by multiple indirect pathways. Previous research has
shown that non-shortest, higher-order paths influence similarity
judgements. Here, we extend these findings by re-analyzing a
publicly available dataset to compare shortest-path models with
models integrating over discounted higher-order paths. The lat-
ter better accounted for similarity judgements; error analyses
indicate that this advantage arose from integrating multiple in-
direct paths rather than relying on shortest connections. These
random-walk models implement the same core computation as
the successor representation (SR), which has been proposed
to support human generalization. Consistently, an SR-based
model outperformed alternatives in accounting for inductive
generalization judgements from the same dataset. These find-
ings suggest that similarity and generalization are both shaped
by higher-order connectivity between concepts.

Keywords: similarity; generalization; concepts; semantic net-
works; Successor Representation

Introduction
Evolution has shaped the human mind to perceive similarities
around us, to survive in novel and uncertain environments. For
instance, when facing a zebra, it can be crucial to determine
whether it is more similar to a horse or to a tiger. Classic
work by Shepard (1987) indicated that perceived similarity
and, in turn, the probability of generalization between stim-
uli decay exponentially with their distance in an underlying
psychological space. Subsequently, Nosofsky (1986) showed
that this psychological space reflects a warped representation
of stimulus features shaped by attentional weighting of feature
dimensions. However, these studies used physical objects or
artificial concepts defined in highly controlled experimental
settings, and did not address how real-world semantic knowl-
edge encoded in word meanings shapes perceived similarity
and generalization across concepts.

According to a long-standing tradition, semantic knowl-
edge is conceived as a network (or graph), in which nodes
represent concepts and edges encode associations between
them. Within this tradition, the original model by Collins
and Quillian (1969) proposed that concept nodes are linked
by class–inclusion relations, yielding a largely taxonomic net-
work structure. More recent proposals, based on data from
large-scale free association paradigms in which participants

produce words in response to a cue model semantic knowl-
edge as a network of graded associations of multiple kinds
(Steyvers & Tenenbaum, 2005). This raises the question of
how distance should be defined on such semantic graphs, and
how well different notions of distance account for similarity
judgements and generalization between real-world concepts.

Measures of global connectivity on semantic graphs
Semantic networks afford multiple graph-theoretic conceptu-
alizations of semantic similarity between their concept nodes.
In an influential paper, Collins and Loftus (1975) distin-
guished two notions of semantic closeness: one based on
the shortest path connecting two concepts, and one based on
their aggregate connectivity across all possible paths. Under
the former view, similarity is determined by the most direct
associative route between concepts; under the latter, it reflects
the number and strength of longer, indirect (higher-order)
pathways linking them. For instance, the semantic similar-
ity between the words zebra and tiger might be determined
solely by their direct associative strength. Alternatively, it
may reflect the integration of multiple longer, indirect paths,
such as zebra-stripes-tiger or zebra-safari-tiger. Building on
the former, Kenett et al. (2017) defined similarity between
concept nodes as the correlation between their shortest-path
distances to all other nodes in the semantic network, and
showed that this measure predicts both semantic relatedness
judgements and priming effects. Subsequently, Kumar et al.
(2020) demonstrated that shortest-path distance itself provides
a better account of priming than correlations over shortest-
path distances. In contrast, De Deyne et al. (2016, 2018)
introduced semantic similarity measures that aggregate over
all possible paths in the network, inspired by Katz centrality
(Aprahamian et al., 2015). This random-walk–based measure
sums over all paths connecting two nodes, weighting each
path’s contribution by its length (i.e., number of steps), and
admits a closed-form expression (assuming a random policy):

𝐺𝑅𝑊 =

∞∑︁
𝑘=0

𝛼𝑘𝑇 𝑘 = (𝐼 − 𝛼𝑇)−1, (1)

where 𝑇 is the transition matrix of a random walk on the
semantic graph, such that 𝑇𝑖 𝑗 denotes the probability of tran-
sitioning from concept node 𝑖 to node 𝑗 in a single step, and
𝛼 ∈ (0, 1) is a discount parameter that downweights longer,
indirect paths. Each row of 𝐺RW thus represents the dis-
counted probability distribution over nodes reachable from
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a given starting concept. De Deyne et al. (2016) defined
semantic similarity as the cosine similarity between rows
of 𝐺RW and showed that this measure accounts for triadic
preference judgements, in which participants are presented
with three concepts and select the most similar pair. This
random-walk-based similarity measure also predicts pairwise
similarity judgements better than alternative models based on
co-occurrence in text corpora (De Deyne et al., 2017, 2018).

Separately, studies based on shortest-path distance (Kenett
et al., 2017; Kumar et al., 2020) and Katz-style random-
walk measures (De Deyne et al., 2016, 2017, 2018) showed
that semantic similarity depends on global network structure.
However, these approaches have not been directly compared
on the same behavioural dataset. De Deyne et al. (2016),
in particular, showed that similarity ratings are influenced by
non-shortest indirect paths. This finding predicts that models
integrating over multiple indirect paths should outperform
models that rely only on the shortest route between concepts,
but this prediction has not been directly tested against explicit
shortest-path alternatives.

Generalizing with Successor Representation
The random-walk–based semantic similarity measure intro-
duced by De Deyne et al. (2016, 2017, 2018) is equivalent to
the Successor Representation (SR; Dayan, 1993; Gershman,
2018), as both quantify the expected discounted visitation of
nodes under a random walk on a graph. Models based on
the SR have been shown to capture how human participants
learn and use transition structure to predict and control future
outcomes (Momennejad et al., 2017), navigate hierarchically
organized virtual environments (Wientjes & Holroyd, 2024),
and acquire the structure of social networks (Son et al., 2024).

According to a recent proposal, these empirical successes
reflect the fact that human generalization relies on SR or re-
lated diffusion-based models (Wu et al., 2025). These models
capture higher-order graph structure by integrating informa-
tion over multiple indirect paths between states. In controlled
graph-structured tasks, such as subway prediction and graph-
armed bandit problems, these models successfully capture
how participants generalize across stimuli (Wu et al., 2019,
2020). However, it remains unclear whether higher-order con-
nectivity similarly predicts generalization in more naturalistic
settings, where generalization depends on semantic similarity
between concepts expressed by symbols (i.e. words).

Goal and scope
The Katz-style random-walk measures used to define sim-
ilarity in semantic networks are closely related to the SR,
which has been proposed to support generalization over struc-
tured state spaces. Both approaches integrate over discounted
higher-order paths through a transition structure. This formal
connection suggests that similarity and generalization may
rely on a common mechanism: the discounted integration of
indirect paths.

In the present study, we use a model comparison approach

Figure 1: a Illustration of the SpAM task, where partici-
pants had to drag and drop words in a two-dimensional arena
according to their semantic similarity. b Illustration of the
inductive task, where participants rated the strength of induc-
tive arguments.

to test whether semantic similarity and generalization are
better characterized by distance defined in terms of short-
est paths on a semantic network or by discounted integration
over higher-order paths. To do so, we re-analyze a publicly
available dataset comprising similarity and inductive general-
ization judgements from the same participants (Douven et al.,
2023) and compare models that instantiate these competing
notions of distance. Consistent with this prediction, our re-
sults show that a model based on discounted integration over
multi-step paths provides a better account of both similarity
and generalization judgements than shortest-path–based alter-
natives. More broadly, they point toward a potential integra-
tion between network-based accounts of semantic knowledge
and SR-based models of predictive representations.

Methods
Materials
Dataset We re-analyzed the dataset from Douven et al.
(2023), which includes semantic similarity judgements and
inductive strength ratings from the same participants. In-
ductive ratings were missing for one participant, who was
therefore excluded from the analyses, leaving a final sample
of 𝑁 = 58 participants. Similarity judgements were col-
lected with the Spatial Arrangement Method (SpAM; Fig. 1a;
Goldstone, 1994; Hout et al., 2013). In the SpAM task, par-
ticipants arranged 20 animal words in a 2D arena such that
spatial proximity reflected semantic similarity. For each par-
ticipant, we first normalized item coordinates by screen width
and height, then computed pairwise Euclidean distances be-
tween items. Distances 𝐷 were converted to similarity using
an inverse-distance transform:

𝑆behav (𝑖, 𝑗) =
1

𝐷 (𝑖, 𝑗) + 𝜖
, (2)

where 𝜖 = 10−12 is a small numerical constant to prevent sim-
ilarity values from becoming arbitrarily large when distances
are very small.

In the induction task (Fig. 1b), participants evaluated the
strength of similarity-based inductive arguments adapted from
Douven et al. (2023). Each argument consisted of a premise
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stating that all animals from a species share a certain prop-
erty (e.g., All tigers have the enzyme XUYDP), followed by a
conclusion attributing the same property to a different animal
species (e.g., All zebras have the enzyme XUYDP). On a scale
from 0 to 100, participants rated how strongly the conclusion
followed from the premise for each argument. In this task,
inductive strength ratings are known to depend primarily on
the perceived similarity between the premise and conclusion
animal species, with stronger generalization of the property
to more similar animals (Marjieh et al., 2024; Osherson et al.,
1990; Rips, 1975).

SWOW We constructed a semantic graph using free associ-
ation norms from the Small World of Words (SWOW) project,
which comprises more than 12,000 cue words and the corre-
sponding elicited responses from over 90,000 participants (De
Deyne et al., 2018). The semantic graph consists of concept
nodes connected by weighted edges: two concepts are linked
if one was produced as an associate of the other, and edge
weights correspond to association strength (i.e., the normal-
ized response frequency). Following Abramski et al. (2025),
we lowercased all words, corrected spelling errors, and pruned
rare associations and concepts not present in WordNet. We
made the graph undirected by symmetrizing edge weights be-
tween concept pairs and then defined its transition matrix𝑇 by
row-normalizing the resulting adjacency matrix, so that each
row sums to one.

To model the current task using this transition structure, we
extracted the nodes corresponding to the 20 mammals pre-
sented to participants by Douven et al., 2023. The resulting
subgraph was not fully connected, and was therefore aug-
mented using a 𝑘-nearest-neighbor expansion procedure. For
each target concept, we added its top-𝑘 associated concepts
(based on symmetrized association strength). The value of 𝑘
was increased incrementally until all target concepts belonged
to a single connected component. This procedure yielded a
fully connected semantic graph with 𝑛 = 111 nodes.1 We then
merged obvious morphological variants (striped and stripe),
spelling variants (shepard and shepherd), and gendered ver-
sions of the same animal (lion and lioness), resulting in a
graph with 𝑛 = 108 concept nodes.

Computational modeling
Semantic similarity models We defined three models of se-
mantic similarity, differing in how they incorporate the higher-
order structure of the reduced SWOW graph. The first is the
shortest-path distance (SP) model, which quantifies distance
as the hop distance, defined as the unweighted shortest-path
length between two concept nodes, that is, the minimum num-
ber of edges separating them, irrespective of edge weights,
following prior work on semantic network distance (Kumar
et al., 2020). Unlike earlier formulations that use hop distance

1To rule out the possibility that results were driven by this partic-
ular graph size, we replicated all analyses with augmented graphs of
size 𝑛 = 250, 𝑛 = 500 and 𝑛 = 1000, obtaining qualitatively identical
results.

directly, we introduce an explicit decay parameter 𝛼𝑆𝑃 , gov-
erning how rapidly similarity decreases with increasing hop
distance. The model defines similarity between two concepts
𝑖 and 𝑗 as:

𝑆𝑆𝑃 (𝑖, 𝑗) = exp(−𝛼𝑆𝑃𝑑𝐴(𝑖, 𝑗)) (3)

where 𝑑𝐴(𝑖, 𝑗) is the minimum number of graph edges be-
tween the concepts 𝑖 and 𝑗 , and is computed by finding their
shortest-path distance on a binarized version of the semantic
graph adjacency matrix. The SP model is a direct analogue
of exponential models of similarity in space, usually taking
the form of exp(−𝛼𝑑 (𝑖, 𝑗)), where 𝑑 (𝑖, 𝑗) is either Euclidean
or Manhattan distance2. The second is the shortest weighted
path (SWP) model, which defines similarity as:

𝑆𝑆𝑊𝑃 (𝑖, 𝑗) = exp(−𝛼𝑆𝑊𝑃𝐷𝑇 ) (4)

where 𝐷𝑇 is the cost of the shortest path between the two
nodes, computed as the minimum summed cost along any
path, with each edge cost defined as the negative logarithm of
its transition probability. The decay of similarity with shortest
weighted path distance is controlled by the free parameter
𝛼𝑆𝑊𝑃 .

Lastly, we used an SR model, defining similarity from the
discounted expected future occupancy of states under the tran-
sition matrix 𝑇 (Dayan, 1993; Gershman, 2018). The SR is
defined as

𝑀 = (𝐼 − 𝛾𝑇)−1, (5)
where 𝛾 ∈ (0, 1) controls the contribution of multi-step tran-
sitions. Because SpAM-derived similarity judgements are
symmetric, we derived symmetric similarity estimates by first
row-normalizing the SR matrix and then symmetrizing it (by
averaging the SR matrix with its transpose). SR values were
subsequently log-transformed.

The three models differ in how they incorporate indirect
paths in the semantic network (Fig. 2a), but they all predict a
decay of similarity with increasing graph distance (Fig. 2b),
governed by their respective decay parameters 𝛼𝑆𝑃 , 𝛼𝑆𝑊𝑃 ,
and 𝛾. Intuitively, the SR captures how likely a random walk
starting from one concept is to visit another over time, with
more distant, indirect transitions contributing less due to dis-
counting.

Model fitting and evaluation Similarity predictions for
each pair of concepts were calibrated to each participant’s
SpAM-derived behavioural similarity through a linear trans-
formation, 𝑆★ = 𝛽0 + 𝛽1𝑋 , where 𝛽0 and 𝛽1 capture the offset
and scaling of the predicted similarities, respectively. To fit
the three models to behavioural similarity judgements, we
estimated model parameters using a two-step procedure sep-
arately for each participant. Because all pairwise measures
were symmetrized, analyses were conducted on the upper
triangle of the similarity matrix (i.e., one observation per un-
ordered concept pair). Each of the SP, SWP, and SR models

2For a lattice graph, the shortest-path distance 𝑑𝐴(𝑖, 𝑗) corre-
sponds to the Manhattan distance between nodes 𝑖 and 𝑗 .
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included a single free parameter (respectively, 𝛼𝑆𝑃 , 𝛼𝑆𝑊𝑃 ,
or 𝛾) controlling the decay of similarity as a function of path
distance or higher-order semantic structure. For each model,
we first fit this decay parameter by maximizing Pearson’s 𝑟

between model predictions and behavioural similarity. With
the decay parameter fixed, we then estimated calibration pa-
rameters 𝛽0 and 𝛽1 via ordinary least squares (OLS). Model
parameters were fit by maximizing correlation with observed
similarity judgements, as this measure is invariant to scale
and captures rank-order structure. Model performance was
then evaluated using cross-validated root mean squared er-
ror (cv-RMSE) to assess absolute predictive accuracy. For
cross-validation, the twenty concepts were divided into five
folds (four concepts each): models were fit on pairs compris-
ing training concepts only and evaluated on pairs with one
training and one held-out test concept.

We then used the same similarity models to predict inductive
strength judgements. Strength ratings were linearly rescaled
to the open interval (0, 1) to be modelled with beta regression.
The decay parameters were fixed at the values estimated from
the similarity task, and a beta regression was fit to link model-
predicted similarity to induction ratings. Predictive accuracy
was assessed using 5-fold cross-validation, with the 30 induc-
tion judgements divided into five folds (six judgements each).
For each iteration, models were fit on four training folds and
evaluated on the held-out judgements to compute cv-RMSE.

Results
SR best predicts semantic similarity
Model comparison We compared Pearson’s 𝑟 correlations
between each model’s predicted similarities and SpAM-
derived semantic similarity ratings (Fig. 2a). Across partic-
ipants, the SR model achieved the highest correlation (mean
𝑟 = 0.58 ± 0.02), significantly outperforming both the SP
model (𝑟 = 0.46 ± 0.02; paired two-tailed 𝑡-test on Fisher
𝑧-transformed coefficients: 𝑡 (57) = 8.5, 𝑝 < .001, 𝑑 = 1.12)
and the SWP model (𝑟 = 0.50±0.02; 𝑡 (57) = 11.5, 𝑝 < .001,
𝑑 = 1.5). The SR model also achieved significantly lower
cv-RMSE than both SP (𝑡 (57) = −5.8, 𝑝 < .001, 𝑑 = −0.76)
and SWP (𝑡 (57) = −8.1, 𝑝 < .001, 𝑑 = −1.06). The differ-
ence between SP and SWP was not significant (𝑡 (57) = −1.5,
𝑝 = .139, 𝑑 = 0.02).

Residuals analyses identify concept pairs best predicted by
SR We compared residuals of SR and SWP, which achieved
the second-best correlation with behavioural similarity. We
quantified the advantage of SR as the difference in residu-
als between SR and SWP, and examined how this difference
varied with hop distance on the unweighted graph (Fig. 3a).
To do so, we used mixed-effects linear regression; to account
for non-independence in the data, we included random in-
tercepts for participants and for each concept node (entered
separately for both elements of each pair), thereby controlling
for repeated observations within participants and dependen-
cies arising from shared concepts across pairs. We found
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Figure 2: a Illustration of how the three models derive
similarity on a small subgraph of the semantic network: SP
and SWP models depend only on the shortest route between
nodes, whereas SR integrates over multiple indirect paths.
b Predicted similarity vs. hop distance (number of edges
between nodes). c Correlation between model predictions
and SpAM similarity (paired two-tailed 𝑡-tests on Fisher 𝑧;
*𝑝 < .05, **𝑝 < .01, ***𝑝 < .001). d Predictions from the
best-fitting model (SR).

that SR’s advantage decreased with unweighted hop distance
(𝛽 = −0.36, 95% CI [−0.39,−0.34], 𝑝 < .001; Fig. 3b).
Crucially, this reduction in SR’s advantage was not driven by
a loss of accuracy for more distant concept pairs: on the con-
trary, SR absolute prediction error (|𝑆SR − 𝑆behav |) decreased
with hop distance (linear mixed-effects model: 𝛽 = −1.17,
[−1.27,−1.06], 𝑝 < .001). Instead, SR’s diminished advan-
tage at larger hop distances reflected increasing convergence
between SR and shortest weighted path predictions: the cor-
relation between the two models rose monotonically with hop
distance (Fig. 3c).

In addition to this linear effect, SR’s advantage was larger
for directly connected concept pairs (hop=1; 𝛽 = 0.20,
[0.13, 0.28], 𝑝 < .001), and including a binary hop=1
predictor significantly improved model fit (𝜒2 (1) = 28.31,
𝑝 < .001). Restricting the analysis to directly connected
pairs, SR’s advantage increased with (mean-centered) aver-
age two-step connectivity between nodes (mean (𝑇𝑖 𝑗 +𝑇𝑗𝑖)/2;
𝛽 = 1.19, [0.81, 1.57], 𝑝 < .001), while the effect of di-
rect connectivity strength was not significant (𝛽 = −0.24,
[−0.53, 0.06], 𝑝 = .120)3. Thus, SR captures the influence
of indirect two-step paths that shortest-path models overlook.

3Although the two regressors are correlated, collinearity was low
(variance inflation factor = 1.89).
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Accordingly, when controlling for the two-step connectivity
across all pairs, the positive hop=1 effect reversed in direction
(𝛽 = −0.20, [−0.26,−0.14], 𝑝 < .001). Thus, the appar-
ent hop advantage is fully explained by the contributions of
indirect paths.

Similarity-fitted SR transfers to inductive
generalization
In the dataset from Douven et al., 2023, participants also rated
the strength of 30 inductive arguments. We tested whether
the three models fitted to behavioural similarity generalize to
these induction ratings. Specifically, we fixed each model’s
decay parameter to the value fit on the similarity task and
evaluated predictive accuracy with 5-fold cross-validated beta
regression (Fig. 4a).

Across participants, the SR model achieved the lowest test
error (cv-RMSE = 3.97), and outperformed both SP (𝑡 (57) =
−2.8, 𝑝 = .006, 𝑑 = 0.37) and SWP (𝑡 (57) = −3.4, 𝑝 = .001,
𝑑 = 0.44). Instead, we found no significant difference between
SP and SWP predictive accuracy (𝑡 (57) = 1.2, 𝑝 = .231,
𝑑 = 0.16).

To test the specificity of the discount parameter 𝛾, we re-
versed the value fitted to each participant in the similarity task

and recomputed SR predictions using 𝛾induction = 1−𝛾similarity:
if 𝛾 captures participant-specific discounting of indirect struc-
ture, reversing it should impair transfer. We then re-evaluated
the reversed-𝛾 SR model using the same cross-validation pro-
cedure. This manipulation increased test error (one-tailed
𝑡-test: 𝑡 (57) = 1.74, 𝑝 = .044; Fig. 4b). Although small, this
effect indicates that the predictive benefit of SR arises from
carrying over participant-specific weighting of multi-step se-
mantic structure from similarity judgements to inductive gen-
eralization.

Discussion
Semantic knowledge guides our choices and structures our
experience through a web of interconnected concepts. Links
between concepts are commonly measured using free asso-
ciation paradigms, in which response frequencies provide an
index of associative strength (Deese, 1962). These norms mo-
tivate semantic network models, which represent concepts as
nodes and associations as weighted edges (Baronchelli et al.,
2013; Borge-Holthoefer & Arenas, 2010b; Hills & Kenett,
2021; Steyvers & Tenenbaum, 2005). Such models account
for a wide range of cognitive phenomena, including mem-
ory search (Abbott et al., 2015), semantic priming (Kenett et
al., 2017; Kumar et al., 2020), word acquisition (Stella et al.,
2017, 2018), and categorization (Borge-Holthoefer & Arenas,
2010a). Importantly, prior work has emphasized that semantic
processing depends on the global structure of semantic net-
works: priming and similarity are shaped not only by direct
associations, but also by indirect, multi-step paths mediated
by intermediate concepts (De Deyne et al., 2016, 2017, 2018;
Kenett et al., 2017; Kumar et al., 2020; Nelson et al., 1997).

The present study sought to identify which aspects of indi-
rect connectivity in semantic networks shape judged similarity
and inductive generalization. Across analyses, an SR-based
model that integrates information over multiple paths outper-
formed shortest-path–based alternatives. Residual analyses
showed that SR’s advantage diminished with hop distance as
model predictions converged for more distant concept pairs.

Figure 4: a Predictive performance (cv-RMSE) on general-
ization judgements of the three models using decay parameters
fitted on similarity data. b Distribution of changes in predic-
tive accuracy when reversing the discount parameter fitted on
similarity data of each participant (1 − 𝛾).
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Furthermore, SR’s advantage was disproportionately larger
for directly connected concept nodes; this effect was driven
by the presence of indirect two-step associations between di-
rectly connected nodes, which SWP and SP models over-
look because such paths are not the shortest. Together, these
findings suggest that models based on shortest-path distance
(Kenett et al., 2017; Kumar et al., 2020) provide a less com-
plete account of human similarity judgements than models
that integrate information across multiple paths in semantic
networks (De Deyne et al., 2016, 2017, 2018).

Previous work has modelled inductive strength using
Bayesian inference on structured hypothesis spaces (Kemp
& Tenenbaum, 2009). Our results suggest that such compu-
tational accounts can be complemented by SR, which offers
a neurally plausible mechanism for learning and exploiting
structured relationships (Wu et al., 2025). Indeed, closely
related diffusion-based measures have been shown to cap-
ture how humans generalize values across nodes in controlled
graph-structured tasks (Wu et al., 2019, 2020). The present
findings extend this line of work by showing that related mech-
anisms also support generalization over naturalistic stimuli
embedded in semantic knowledge.

The predictive accuracy of the SR-based model on inductive
judgements depended, in part, on the transfer of the discount
parameter 𝛾 fitted to similarity data. This relationship sug-
gests that participants rely on comparable multi-step discount-
ing of semantic structure when judging similarity and when
generalizing properties across concepts. However, the depen-
dence on the fitted 𝛾 was limited, likely due to a relatively
flat correlation landscape during model fitting on similarity
data itself. These results are consistent with the idea that dis-
counted multi-step integration supports both similarity and
generalization, although the weak identifiability of the param-
eter prevents drawing conclusions about whether the same
discount parameter underlies both tasks within participants.

Overall, these findings suggest that semantic similarity and
generalization depend on higher-order, multi-step connectiv-
ity in semantic networks. Although our study does not ad-
judicate between different models of how such connectivity
is integrated, the SR provides a neurally plausible account
of this process. This interpretation dovetails with propos-
als that SR-like mechanisms, although originally evolved for
spatial navigation, are co-opted to support semantic cogni-
tion (Haga et al., 2025), and suggests a potential integration
between network-based accounts of semantic knowledge and
SR-based theories of predictive representation.

Limitations and future directions
Our results dovetail with prior work demonstrating that global,
distant connectivity in semantic networks shapes similarity
judgements (De Deyne et al., 2017, 2018; Kenett et al., 2017;
Kumar et al., 2020) and also shows that integrating multiple
higher-order paths is necessary to account for both similarity
and generalization judgements. However, these findings are
subject to several limitations, which in turn suggest promising

directions for future research.
First, the similarity data re-analyzed from Douven et al.

(2023) were collected using a single SpAM trial in which all
20 concepts were arranged in a two-dimensional space, which
can distort nearest-neighbor structure (Tversky & Hutchinson,
1986). However, spatial embeddings impose assumptions that
are known to be violated by perceived similarity (Tversky,
1977) and word association structure (Griffiths et al., 2007),
for instance by implying symmetry, while human judgements
are often asymmetric. In fact, network-based measures natu-
rally capture asymmetry (Kumar et al., 2020), but addressing
this issue requires collecting non-spatial similarity data, such
as pairwise ratings (also obviating the need to transform Eu-
clidean distances into similarity).

Second, we used inductive judgements to investigate gener-
alization. In contrast to previous studies in which participants
generalized learned reward values across graph-structured
states (Wu et al., 2018, 2019, 2020), the present task did
not involve rewards and instead directly probed generalization
with argument strength ratings. Nevertheless, these ratings
may encourage participants to treat the task as a similarity
judgement; future work could employ paradigms that more
clearly dissociate generalization from similarity, such as iden-
tification and classification (Shepard et al., 1961).

Third, the inductive generalization analysis was based on a
relatively small number of argument pairs, which limits the
stability of cross-validation estimates and calls for caution in
interpreting predictive performance.

Fourth, parameter identifiability was limited, and inductive
predictions showed weak dependence on the similarity-fitted
discount parameter 𝛾. Richer data and alternative model for-
mulations may better capture the breadth of similarity and
generalization.

Lastly, our analyses relied on a naturalistic semantic net-
work derived from free association norms. While this choice
enhances ecological validity, it may also introduce uncon-
trolled confounds related to word frequency, familiarity, or id-
iosyncratic differences across participants. Future work could
assess the robustness of the present findings using alterna-
tive semantic resources or experimentally controlled learning
paradigms in which network structure is manipulated directly.
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