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Background. Word meanings (lexical semantics) represent only a subset of our rich and
detailed conceptual knowledge (semantic memory). Any theory of lexical semantics should thus
specify the kinds of world knowledge captured in the lexicon. Here, we probe the common
knowledge captured by a prominent model class of word meanings: Distributional Semantic
Models (DSMs), vector-space representations learned from lexical collocations in corpora [1,2].
A DSM captures semantic similarities between words via the proximity between their
respective vectors [3,4]. However, such proximity only provides a single, “rigid” measure of
overall pairwise similarity. Humans, in contrast, evaluate conceptual similarity flexibly, in a
context-dependent manner: for instance, dolphins and tigers are similar in terms of size, but
differ significantly in terms of danger or habitat. Can such distinct, multiple relationships be
inferred from word collocations? If so, how is such complex knowledge expressed in a DSM?
Approach. We introduce a powerful, domain-general method for extracting contextdependent knowledge from DSMs: “semantic projection” of words onto subspaces representing
“contexts”. To operationalize context-dependent knowledge, we use ratings of concrete entities
(e.g., animals) along different semantic properties (e.g., size, danger, or wetness). Fig. 1 depicts
an example of rating animal size in a simplified, three-dimensional DSM: first, we construct a
“size scale” as the vector difference between antonyms denoting opposite property values—e.g.,
𝑙𝑎𝑟𝑔𝑒 and 𝑠𝑚𝑎𝑙𝑙 . Then, we project animal word-vectors onto this scale. Similarly, we can project
on the line from 𝑑𝑎𝑛𝑔𝑒𝑟𝑜𝑢𝑠 to 𝑠𝑎𝑓𝑒 (for rating danger), or from 𝑤𝑒𝑡 to 𝑑𝑟𝑦 (for wetness).
Methods. We compared semantic projection against human ratings of diverse objects
for different properties. We used (i) 9 categories, each including the 34-50 most frequent nouns
from the set in [5]; and (ii) 17 semantic properties. All properties have been produced in featureelicitation studies and all category items and property antonyms have been used as cues
therein [6,7]. Out of 9×17 = 153 possible category/property pairs, we selected 52 based on a
norming study and intuitive appropriateness. For each pair, 25 MTurk subjects rated each noun
on a separate continuous scale (e.g., for “size”: 0=”small, little, tiny”, 100=”large, big, huge”).
Semantic projection was applied to the same category-property pairs in a GloVe DSM [4]. We
compared the mean human ratings (after within-subject z-scoring) to semantic projection via
Spearman’s r and permutation tests [FDR-corrected across pairs; 8].
Results. Overall, semantic projection successfully recovered human knowledge (Figs. 2,
3): median Spearman’s r=0.47 (adjusted for inter-subject reliability: 0.61) (significant for 35
pairs). Items with extreme property values (e.g., “mammoth” or “mosquito” for animals/size) only
biased correlations to the same extent that they increased inter-subject reliability. Projection on
a line connecting antonyms significantly outperformed projecting on either antonym in isolation.
Conclusions. Whereas flexible object knowledge has traditionally been modeled with
symbolic representations (e.g., feature lists, schemata, intuitive theories) [9-11], here we show
that it can be constructed bottom-up from word collocations and is easily extractable from DSMs
via semantic projection (cf. previous attempts using, e.g., dependency parsed corpora) [12-15].
Our method is robust, generalizing across different categories (animate/inanimate, natural/manmade, common/proper nouns) and different “kinds” of properties (from relatively binary, like
animal wetness, to more continuous, like animal size). To the extent that DSMs model lexical
semantics, our findings suggest that complex property knowledge is part of a concrete noun’s
meaning. Moreover, our findings are consistent with the intriguing hypothesis that, like DSMs,
humans can use language as a gateway to acquiring conceptual knowledge [16-20].
Further details. For a full write-up, see: https://arxiv.org/abs/1802.01241.

Fig 2: Distribution of Spearman’s r values (xaxis) for 52 category/property pairs. Mean and
95% CI are plotted for significant (blue) and
non-significant (grey) values.
Fig 1: Illustration of semantic projection. Wordvectors in the category “animals” (blue circles)
are orthogonally projected (blue lines) onto a linear scale for “size” (red line), defined as the vector difference
between !!!!!!!!!!!⃗
𝑙𝑎𝑟𝑔𝑒 and !!!!!!!!!!!⃗
𝑠𝑚𝑎𝑙𝑙 (red circles). Dimensions are arbitrary and chosen to enhance visualization.

Fig 3: Example scatterplots of semantic projection (x-axis) predicting human judgments (y-axis). Example items are
labeled in red for illustration. Blue lines are linear fits to the data.
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