
UC Merced
Proceedings of the Annual Meeting of the Cognitive Science 
Society

Title
Distributed Situation Models: Probabilistic Representations of Truth Conditions

Permalink
https://escholarship.org/uc/item/6tr9s8pz

Journal
Proceedings of the Annual Meeting of the Cognitive Science Society, 48(0)

Author
Brasoveanu, Adrian

Publication Date
2026-09-01

Copyright Information
This work is made available under the terms of a Creative Commons Attribution License, 
available at https://creativecommons.org/licenses/by/4.0/

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/6tr9s8pz
https://creativecommons.org/licenses/by/4.0/
https://escholarship.org
http://www.cdlib.org/


Distributed Situation Models: Probabilistic Representations of Truth Conditions
Adrian Brasoveanu

Department of Linguistics, UC Santa Cruz

Abstract

In formal semantics, the interpretation function J·K maps lin-
guistic expressions “the pencil is in the cup” to set-theoretic
objects in(pencil, cup) that mirror the compositional struc-
ture of the sentence, but do not encode soft inferences like
“the pencil is vertical” that human comprehenders automati-
cally make. Distributed situation models (Frank et al., 2009)
were proposed as Gestalt / distributed representations of sen-
tence meanings that enable direct probabilistic inference from
their representational geometry. We show that previous imple-
mentations of distributed situation models systematically un-
derestimate probabilistic inferences because of their sequential
sampling of situations (possible worlds). We propose gener-
ating the truth-conditional training data using Markov Chain
Monte Carlo sampling over a precomputed pool of valid situa-
tions, so that soft constraints are correctly evaluated on complete
situations rather than partial ones. Training a competitive neural
model on 250,000 MCMC samples yields distributed situation
models that accurately encode these inferences, providing re-
liable, rich meaning representations for cognitive models of
language comprehension.

Keywords: situation models; mental models; distributed repre-
sentations; probabilistic inference; world knowledge; language
comprehension; MCMC sampling

Introduction: Problem and Informal Solution
In formal semantics, the interpretation function J·K maps lin-
guistic expressions to set-theoretic objects: individuals (type
𝑒), truth values (type 𝑡), or functions thereof, e.g., predicates
of type 𝑒𝑡 or relations of type 𝑒(𝑒𝑡) (Dowty et al., 1981; Mon-
tague, 1973). A sentence like “the pencil is in the cup” maps
to a proposition (type 𝑡) of the form in𝑒 (𝑒𝑡 ) (pencil𝑒, cup𝑒),
where types of the set/model-theoretic objects are indicated
by subscripts. This is a rough semantic representation suf-
ficient for our purposes; we gloss over the specifics of in-
terpreting definite descriptions etc. here. The structure of
this sentential meaning mirrors the compositional structure
of the sentence—but deriving vertical𝑒𝑡 (pencil𝑒) from
in(pencil, cup) requires explicit inference rules; the rep-
resentation itself is silent on this soft, defeasible implication.

Yet human comprehenders make such inferences automati-
cally. Stanfield and Zwaan (2001) found that participants who
heard “the pencil is in the cup” responded faster to pictures
of vertically-oriented pencils, even though orientation was
never mentioned. Such findings suggest that comprehension
constructs situation models—analog mental representations
that encode both what is explicitly stated and what is im-

plied by world knowledge (Johnson-Laird, 1983; van Dĳk &
Kintsch, 1983; Zwaan & Radvansky, 1998). Unlike propo-
sitional representations, situation models preserve structural
relations from the described state of affairs, enabling direct in-
ference without explicit inference-rule applications (Johnson-
Laird, 2006). Importantly, situation models are not specific to
language—the same mechanisms operate when people pro-
cess visual narratives (Cohn, 2019)—suggesting a domain-
general capacity for understanding states of affairs.

The mental simulation view of meaning (Frank &
Vigliocco, 2011; Zwaan, 2004) captures this insight: un-
derstanding a sentence is constructing a situation (mental)
model of the described situation, which is tantamount to men-
tally ‘simulating’ the described situation. Sentence mean-
ings are analog representations whose geometry mirrors the
structure of the world, not of language. The payoff is di-
rect inference: a situation-model representation of some fact
is also a representation of what the fact implies. An ana-
log representation of a pencil in a cup is a representation
of a vertical pencil—the geometry encodes this soft, prob-
abilistic inference. In symbolic formal semantics, inferring
vertical(pencil) from in(pencil, cup) requires a rule
∀𝑥. in(𝑥, cup) → vertical(𝑥), or a defeasible version that
exceptionally allows for non-stereotypical cups resting hori-
zontally on their side (Asher & Pelletier, 1997; Reiter, 1980).
The representations themselves do not encode what they im-
ply, and inference must be performed over them by a sep-
arate reasoning system. In an analog representation, the
situation models for these propositions overlap because sit-
uations where pencils are in cups co-occur with situations
where pencils are vertical. Computing the conditional proba-
bility 𝑃(vertical | in_cup) from situation-model geometry
yields a high value directly—no inference-rule applications,
just immediate ‘arithmetic’ on the representation itself.

Frank et al. (2003) (building on Golden and Rumelhart
1993; Golden et al. 1994) formalized and computationally
implemented this view using Self-Organizing Maps (SOMs,
Kohonen 1995). Their distributed situation models encode a
proposition as a vector in a learned “situation space,” where
proximity (vector similarity) reflects how often propositions
are jointly true across possible worlds. The geometry of the
space, not inference rules, encodes what facts imply about one
another. Subsequent work (Frank & Vigliocco, 2011; Frank
et al., 2009; Venhuizen et al., 2019, 2022) refines the com-
petitive neural learning algorithm, but all implementations



share a methodological limitation: the training data for the
distributed situation models consists of situations / possible
worlds represented as binary vectors, which are generated by
sequentially sampling their binary values 1 / 0 (True / False).

In more detail, a situation / possible world is a binary vector
that provides a complete specification of all the relevant fea-
tures, i.e., atomic propositions, of the world. These features /
atomic propositions are either True (1) or False (0), hence bi-
nary. A complete situation / possible world is constructed by
sampling the truth values of these binary features sequentially,
evaluating probabilistic constraints using only the incomplete
information provided by binary features sampled so far. For
example, during the sequential construction of a situation, the
algorithm might sample the truth value for win(charlie)
before the truth value for play_manner(charlie, well).
Therefore, the probabilistic boost that winning is more likely
if Charlie plays well, i.e., that sampling 1 for win(charlie)
is more likely if play_manner(charlie, well) is 1, can-
not be applied because the truth value of the conditioning
proposition is not yet known. This systematically underesti-
mates soft constraints, which are precisely the probabilistic
correlations that situation-model representations must encode
for direct inference to work.

This issue cannot be avoided by fixing the sampling or-
der, e.g., always sampling play_manner(charlie, well)
before win(charlie). On one hand, this is not possible be-
cause in any reasonably complex world, there will be many
interlocking soft constraints, creating cycles in the depen-
dency graph. On the other hand, fixing the sampling order
might introduce unwanted sampling-based biases in the gen-
erated situations, distorting the probabilistic correlations that
distributed situation models should reflect. Therefore, on each
sequential sampling run that constructs a complete situation
/ possible world, the order of sampling the binary features
needs to be randomly shuffled. Consequently, the condition-
ing proposition will be sampled after the outcome half the time
(on average), and the relevant soft constraint cannot affect the
outcome at the point when the outcome is sampled.

To estimate accurate probabilistic representations of truth-
conditional meanings, which is needed for cognitive models
of language comprehension, e.g., for predicting reading times
and N400 amplitudes (Frank & Vigliocco, 2011; Venhuizen
et al., 2019), we propose Pool MCMC. We first enumerate
the pool of all valid situations, i.e., all the complete situations
that satisfy hard constraints, e.g., Charlie cannot both win and
lose. We then do Metropolis sampling over this pool to reflect
the soft probabilistic constraints. Crucially, the Metropolis
acceptance probability is computed on complete situations.

The rest of the paper is structured as follows. We first
describe the microworld that provides the truth-conditional
data used to estimate distributed situation models. We then
empirically confirm the methodological problem: sequen-
tial sampling systematically underestimates soft probabilis-
tic constraints, distorting learned situation-model represen-
tations. This is followed by a description of our proposed

solution Pool MCMC. We then present the competitive learn-
ing algorithm for distributed situation models and show that
they faithfully encode both hard (𝑃(win|lose) = 0.00) and
soft (𝑃(win|play_well) = 0.74) constraints, with situation-
model-derived conditional probability estimates correlating at
𝑟 = 0.997 with underlying situation frequencies. Distributed
situation models enable direct inference: hard/soft constraints
and their consequences are directly readable from the situa-
tion models without symbolic reasoning. Finally, we briefly
relate our contribution to prior literature and conclude.1

The Microworld
To show that analog representations can encode both logi-
cal structure and graded probabilistic knowledge, we need a
domain where ground truth is known. Following Frank et
al. (2003, 2009), we use a microworld methodology—a sim-
plified but structurally rich domain where all constraints are
explicit and all probabilities computable.

Entities and Propositions. The microworld contains 17
entities (Table 1) and 44 atomic propositions (Table 2). Three
characters—Charlie, Heidi, and Sophia—engage in activities:
playing games, playing with toys, winning or losing, and being
in locations. A situation is a complete assignment of truth
values to all 44 propositions: a binary vector s ∈ {0, 1}44.

Category Entities N
Persons charlie, heidi, sophia 3
Games chess, hide-and-seek, soccer 3
Toys puzzle, ball, doll 3
Locations bathroom, bedroom, playground, street 4
Play manners well, badly 2
Win manners with-ease, with-difficulty 2

Table 1: Entities in the microworld.

Predicate N
play(person, game) 3 × 3 = 9
play(person, toy) 3 × 3 = 9
win(person), lose(person) 3 + 3 = 6
location(person, place) 3 × 4 = 12
play_manner(person, manner) 3 × 2 = 6
win_manner(manner) 2

Total 44

Table 2: Atomic propositions.

Hard Constraints. The microworld enforces 167 hard con-
straints: logical requirements specifying which proposition
combinations can jointly hold (Table 3). For example: a per-
son cannot both win and lose, or soccer can only be played in

1The repository https://github.com/abrsvn/distributed_situation_
models_probabilistic_truth_conditions_CogSci_2026 makes avail-
able the Python reimplementation of the competitive neural model
and the 250,000 Pool MCMC and 250,000 sequential situation sam-
ples needed to reproduce the results in this paper. (Prior implemen-
tations, i.e., Frank and Vigliocco 2011; Frank et al. 2009; Venhuizen
et al. 2019, 2022, are MATLAB/C/Prolog based.)

https://github.com/abrsvn/distributed_situation_models_probabilistic_truth_conditions_CogSci_2026
https://github.com/abrsvn/distributed_situation_models_probabilistic_truth_conditions_CogSci_2026


the street. All constraints are implemented as formulas in the
Z3 SMT theorem prover (de Moura & Bjørner, 2008). Of the
244 ≈ 17.6 trillion possible situations, only 28,676 satisfy all
hard constraints: a reduction factor of ∼613 million.

Category N Examples
Game 19 At most one game per person;

chess requires exactly 2 players
Toy 33 At most one toy; puzzle is single-

player; soccer requires ball
Location 72 Exactly one location per person;

soccer only in street
Winning 31 Cannot both win and lose; at most

one winner
Manner 12 Play manner requires playing a

game

Total 167

Table 3: Hard constraint categories.

Soft Constraints. The microworld also includes soft, prob-
abilistic tendencies that make some valid situations more
likely than others. These defeasible constraints encode the
graded world knowledge that situation models must capture.
Specialty games: everyone has a favorite game they excel
at (Charlie→chess, Heidi→hide-and-seek, Sophia→soccer);
winning probability increases 1.5× when playing one’s spe-
cialty. Win manner: winning at one’s specialty makes “with
ease” more likely; winning at a non-specialty makes “with
difficulty” more likely. Play manner: playing well increases
winning probability 1.5×, playing badly increases losing prob-
ability. Location preferences: Heidi and Sophia tend to share
locations, while Charlie is less likely to share theirs.

These soft constraints create correlations between proposi-
tions, that is, exactly the structure that analog representations
must encode. Evaluating them requires knowing all relevant
proposition values: whether Charlie’s win probability should
be boosted depends on whether he is playing chess; whether
Heidi’s location should be adjusted depends on where Sophia
is. This is the heart of the sampling problem for sequential
methods: they evaluate soft constraints on partial information.

The Sampling Problem
Learning distributed situation models requires training data
drawn from the target distribution 𝜋(s) defined by the mi-
croworld: hard constraints determine validity, soft constraints
assign relative probabilities. Crucially, soft-constraint proba-
bility adjustments are defined in terms of complete situations,
e.g., the probability boost for winning when playing well as-
sumes we know whether the person is playing well.

However, all prior work generates situations sequentially.
Frank and Vigliocco (2011) describe the method concisely:
situations “were sampled by a non-deterministic algorithm
that goes through the 44 atomic [propositions] in a random
order and sets each value to 0 or 1, according to the atomic
[proposition]’s probability given the truth values of the atomic

[propositions] so far” (Appendix A.1). The same approach is
used in Frank et al. (2009) and Venhuizen et al. (2019, 2022).

Sequential sampling respects hard constraints: as soon as
we sample win(charlie) = 1, we set lose(charlie) = 0.
But it does not respect the distribution 𝜋(s) defined by the soft
constraints because the probability adjustments are evaluated
on partial information. Consider the play-manner→winning
soft constraint: Charlie’s probability of winning should be
1.5× higher when he is playing well. If the algorithm samples
win(charlie) beforeplay_manner(charlie, well), the
adjustment is not applied since the truth value of the condition-
ing proposition is not yet known. On average, the conditioning
proposition will be sampled after the outcome half the time,
and the relevant soft constraint cannot affect the outcome at
the point when the outcome is sampled.

Empirical Comparison. To quantify this effect, we reim-
plemented sequential sampling using the same probability
adjustments and Z3 constraint checking as Pool MCMC and
generated 250,000 samples using both sampling methods. As
discussed in the next section, Pool MCMC samples from the
target distribution 𝜋(s) by computing Metropolis acceptance
probabilities on complete situations, guaranteeing that soft
constraints are evaluated with full information. Table 4 com-
pares conditional probability estimates from each method.

Conditional Pool Seq. Δ

𝑃(win|play_well) Charlie 0.76 0.52 +0.24
𝑃(win|play_well) Heidi 0.93 0.53 +0.40
𝑃(win|play_well) Sophia 0.90 0.53 +0.37
𝑃(lose|play_badly) Charlie 0.97 0.58 +0.38
𝑃(win|specialty) Charlie 0.89 0.46 +0.43
𝑃(win|specialty) Heidi 0.89 0.43 +0.47
𝑃(win|specialty) Sophia 0.84 0.43 +0.41

𝑃(win|lose) 0.00 0.00 0.00
𝑃(street|soccer) 1.00 1.00 0.00
𝑃(ball|soccer) 1.00 1.00 0.00

Table 4: Cond. prob.s estimated from Pool MCMC vs. seq. samples.
Soft constraints (top) show large discrepancies; hard constraints (bot-
tom, not dependent on sampling order) agree.

The discrepancies are substantial. Sequential sampling es-
timates 𝑃(win|play_well) ≈ 0.53, barely above the base prob-
ability (set at 0.4), while Pool MCMC gives 0.76–0.93. For
specialty games, the difference exceeds 40%. Hard constraints
show no discrepancy as their enforcement is not sampling-
order dependent. Across all 1,892 (44 × 43) pairwise condi-
tional probabilities, the correlation between the two methods
is only 𝑟 = 0.75, with mean absolute difference 0.13 and max-
imum difference 0.59. Grouping these conditionals by their
consequent proposition, the effect is largest for propositions at
the end of soft constraint chains: win/lose conditionals show
mean |Δ| = 0.19, win manner shows |Δ| = 0.27, while toys
(minimally involved in soft constraints) show only |Δ| = 0.07.

Even marginal probabilities differ. Sequential sampling
estimates 𝑃(win_manner(with_ease)) = 0.25; Pool MCMC
gives 0.65. Winning with ease depends on a chain of soft



constraints (playing one’s specialty, playing well, winning)
that are underestimated by sequential sampling.

These discrepancies propagate to learned representa-
tions. If training samples underestimate the correlation be-
tween playing well and winning, the vectors learned for
play_manner(charlie, well) and win(charlie) will
have less overlap than they should. The conditional probability
𝑃(win|play_well) computed from representational geometry
will be too low, and direct inference, i.e., reading off what one
fact implies about another, will yield incorrect answers.

Pool MCMC
We propose Pool MCMC, a two-stage sampling method that
generates samples from the target distribution 𝜋(s) defined by
the microworld’s soft constraints. The first stage enumerates
all valid situations satisfying hard constraints. The second
stage samples from this pool via Metropolis sampling, with
acceptance probability computed on complete situations.

Stage 1: Enumerating Valid-Situation Pool. The 167
hard constraints reduce the situation space from 244 to a man-
ageable size. Each constraint is encoded as a Z3 formula.
Given a partial assignment of truth values to some of the 44
atomic propositions, the Z3 solver determines whether the as-
signment is consistent with the hard constraints, and whether
any unassigned propositions are forced to be true or false by
the hard constraints (a.k.a., constraint propagation).

We use this capability to enumerate all valid situations by
breadth-first search. We seed the search with partially spec-
ified situations that assign locations and games for all three
persons. Each person must be in exactly one of 4 locations, and
plays at most one of 3 games (or none), yielding 43×43 = 4,096
seed configurations. For each seed, we apply Z3 constraint
propagation to infer additional forced truth values, which are
logically determined by constraints given current truth values.
We then systematically explore remaining unknown proposi-
tions using a queue: for each unknown, we branch on both
values (1 and 0; breadth-first search), apply inference closure
to determine any newly forced values, and prune branches that
lead to contradiction. The enumeration yields 28,676 valid
situations: the complete pool (computed once, reused across
all sampling runs) satisfying all 167 hard constraints.2

Goodman and Lassiter (2015) observe that in Church-style
probabilistic programming, we do not generally need to con-
struct complete possible worlds. In the cases they consider, the
unsampled parts of a situation do not constrain or reweight the
sampled parts (for the query at hand), so marginalizing over
them is equivalent to ignoring them. This is not the case here:
a partial situation cannot be scored by multiplying the factors
for the propositions sampled so far, for the same reason se-
quential sampling leads to underestimation of soft constraints.
Correctly scoring a partial situation would require computing
and summing the scores of its complete valid extensions.

2Alternatively, an approximate pool can be generated using se-
quential sampling—appropriate for finding hard-constraint-valid sit-
uations (but not for sampling from the target distribution 𝜋(s)).

Stage 2: Metropolis Sampling. We use Metropolis sam-
pling to sample from the pool in accordance to the target
distribution 𝜋(s) ∝∏44

𝑖=1 𝑝𝑖 (s)s𝑖 (1− 𝑝𝑖 (s))1−s𝑖—where 𝑝𝑖 (s)
is the unnormalized, soft-constraint-adjusted probability of
proposition 𝑖 = 1 . . . 44 given the complete situation s. If 𝑖 is
true (s𝑖 = 1), the contribution is 𝑝𝑖; if false (s𝑖 = 0), 1 − 𝑝𝑖 .
Crucially, the soft-constraint adjustments are applied with full
information: when computing Charlie’s winning probability,
we know whether he is playing chess or playing well.

Proposals. To propose a move from situation s to s′, we
use an equivalence-class approach: (i) select a random subset
of 𝐾 proposition indices to hold fixed (𝐾 = 29 was tuned for
chain mixing efficiency); (ii) find the equivalence class of s:
all pool situations matching s on the 𝐾 indices; (iii) sample
uniformly from the equivalence class (excluding s).

This proposal is symmetric: if s and s′ are part of the same
equivalence class (share the same truth values on the 𝐾 fixed
positions), each is equally likely to be proposed from the other,
so no Hastings correction is needed. We accept the proposal
with probability 𝛼 = min

(
1, 𝜋 (s′ )

𝜋 (s)

)
. We run 20 parallel chains

for 60,000 steps each. The first 10,000 steps are discarded as
burn-in; from the remaining 1,000,000 samples, we thin by a
factor of 4, yielding 250,000 samples from 𝜋(s).

Learning Distributed Situation Models
The 250,000 Pool MCMC samples provide training data
drawn from the target distribution 𝜋(s). We now learn dis-
tributed situation models from these samples, which are vec-
torial representations that encode the probabilistic structure
of the microworld directly in their geometry.

Competitive Neural Model. Following Frank et al. (2009),
we use a competitive neural model with 𝑛 = 150 units /
neurons. Each unit 𝑖 = 1 . . . 𝑛 maintains a weight vector
w𝑖 ∈ [0, 1]44 initialized at 0.5, and a bias 𝑏𝑖 initialized at 1.0.
For each situation s ∈ {0, 1}44 in our 250k training samples:
1. Compute distances. 𝑑𝑖 =

∑44
𝑗=1 |w𝑖 𝑗 − s 𝑗 |. L1 / city-block

distance sums the degree of mismatch between the unit’s
weight vector and the sampled truth-value vector (not the
squared mismatch, as in L2 / Euclidean distance).

2. Select winner. Winner / Best Matching Unit is unit with
smallest bias-adjusted distance: 𝑖∗ = arg min𝑖 (𝑑𝑖 − 𝑏𝑖).

3. Update winner w𝑖∗ toward input: w𝑖∗ ← w𝑖∗+𝜂𝑤 (s−w𝑖∗ ).
4. Update biases. Winner 𝑖∗: 𝑏𝑖∗ ← 𝑏𝑖∗ + 𝜂𝑏 · 𝑏𝑖∗ (1 − 𝑏𝑖∗ ).

Other units 𝑖: 𝑏𝑖 ← 𝑏𝑖 + 𝜂𝑏 · 𝑏𝑖 .
Bias update uses a squashing function for the winner, pre-

venting any unit from dominating. Non-winners receive linear
increases, ensuring all units eventually win. Learning rates
𝜂𝑤 (for weights) and 𝜂𝑏 (for biases) decay linearly over the
first third of training (𝜂𝑤 : 0.3 → 0.05; 𝜂𝑏 : 10−4 → 10−5),
then remain constant. We train for 30 epochs, with data ran-
domly shuffled each epoch. The learned probabilities below
are computed from the weights only (biases are discarded).

Why the Competitive Model Works. The competitive
model learns a compressed representation of the probability-
weighted pool of valid situations. Each unit 𝑖 comes to repre-



sent a cluster of similar situations: its weight vector converges
to the mean of the set of situations for which unit 𝑖 is the win-
ner. That is, each unit 𝑖 becomes a situation prototype, and the
bias mechanism ensures approximately uniform cluster size
per prototype. The result is a weight matrix W ∈ [0, 1]150×44,
where each row W𝑖 · (𝑖 = 1 . . . 150) is a 44-dimensional pro-
totype situation. If instead we look at each of the 44 columns
W·𝑝 (𝑝 = 1 . . . 44), we obtain a distributed situation model,
i.e., a 150-dimensional vector that is the meaning representa-
tion for atomic proposition 𝑝. Thus, J𝑝K = W·𝑝 . Figure 1
shows some of these 150-dimensional meanings on the right,
and a snippet of the MCMC binary training data on the left.

Meanings for complex propositions can be computed via
elementwise operations on the atomic vectors: J¬𝑝K = 1−J𝑝K,
J𝑝 ∧ 𝑞K = J𝑝K ⊙ J𝑞K, and J𝑝 ∨ 𝑞K = J𝑝K + J𝑞K − J𝑝K ⊙ J𝑞K.

The distributed situation models encode accurate proba-
bility estimates for priors 𝑃(𝑝) ≈ 1

𝑛

∑𝑛
𝑖=1J𝑝K𝑖 , conjunctions

𝑃(𝑝 ∧ 𝑞) ≈ 1
𝑛

∑𝑛
𝑖=1J𝑝K𝑖 · J𝑞K𝑖 , and conditionals 𝑃(𝑝 | 𝑞) =

𝑃 (𝑝∧𝑞)
𝑃 (𝑞) , where J𝑝K, J𝑞K are the meanings / distributed situa-

tion models of propositions 𝑝, 𝑞 (vectors with 𝑛 = 150 dimen-
sions). Thus, correct situation sampling is essential since the
competitive model learns conditional probabilities from these
binary training samples. If they do not reflect the target distri-
bution 𝜋(s), as with sequential sampling, the learned weights
encode incorrect conditionals, and probability estimates de-
rived from them are biased.3

Verification. We verify that the learned distributed situ-
ation models faithfully encode the probabilistic structure of
the Pool MCMC samples by comparing probability estimates
from the 150-dimensional learned vectors against frequencies
computed directly from the MCMC samples:

Probability Type Correlation (𝑟)
Prior 𝑃(𝑝) 1.000
Conjunction 𝑃(𝑝 ∧ 𝑞) 1.000
Conditional 𝑃(𝑝 | 𝑞) 0.997

Table 5: Correlation between probability estimates from learned
vectors and frequencies from Pool MCMC samples.

The near-perfect correlations confirm that the competitive
neural model faithfully encodes the distributional structure of
its binary training data. Combined with Pool MCMC sam-
pling, the learning procedure produces representations where
probability estimates reflect the target distribution 𝜋(s).

Direct Inference from Representation Geometry
The theoretical payoff of analog situation-model representa-
tions is direct inference: inferential relations are encoded in
geometry, so representing one fact is representing what it im-
plies. We demonstrate that the learned distributed situation

3The competitive model is only one of several ways to compress
situation samples into dense probabilistic representations. Irrespec-
tive of the final representational format, Pool MCMC will ensure that
the underlying samples faithfully reflect the target distribution 𝜋(s).

models exhibit this property: hard and soft constraints are di-
rectly readable from the vectors without symbolic reasoning.

Hard Constraints. Hard constraints manifest as extreme
conditional probabilities 𝑃(𝑝 | 𝑞) computed from the learned
situation-model vectors, as shown in Table 6. The vectors of
two mutually exclusive propositions occupy non-overlapping
regions of situation-model space, so conditioning on one
yields near-zero probability for the other. But when one propo-
sition implies another, their vectors overlap almost completely.

Conditional 𝑃

Incompatibility (𝑃 ≈ 0)
𝑃(win(charlie) | lose(charlie)) 0.00
𝑃(play(charlie,chess) | play(charlie,soccer)) 0.00

Implication (𝑃 ≈ 1)
𝑃(location(charlie,street) | play(charlie,soccer)) 1.00
𝑃(play(heidi,ball) | play(heidi,soccer)) 0.99

Table 6: Hard constraints yield extreme conditional probabilities
based on the learned situation-model vectors.

These values are not stored explicitly. They emerge from ge-
ometry: the vectors for win(charlie) and lose(charlie)
have minimal overlap because situations where Charlie wins
never co-occur with situations where Charlie loses; the hard
constraint ¬(win(𝑝𝑒𝑟𝑠𝑜𝑛) ∧ lose(𝑝𝑒𝑟𝑠𝑜𝑛)) ensures this.

Soft Constraints. Soft constraints manifest as elevated
but sub-certain conditional probabilities: the graded world
knowledge that situation models intrinsically encode. Table 7
shows conditionals computed from the learned vectors.

Conditional 𝑃(𝑝 |𝑞) Prior 𝑃(𝑝)
𝑃(win(C) | play_manner(C, well)) 0.74 0.08
𝑃(lose(C) | play_manner(C, badly)) 0.96 0.40
𝑃(win(with_ease) | win(C) ∧ 0.76 0.66

play(C, chess))

Table 7: Soft constraints yield elevated conditional probabilities
𝑃(𝑝 |𝑞). Prior probabilities 𝑃(𝑝) shown for comparison.

Playing well increases Charlie’s winning probability from
0.08 to 0.74, nearly a tenfold increase. Playing badly makes
losing highly likely (0.96 vs. prior of 0.40). Winning at one’s
specialty game elevates the probability of winning with ease
(0.76 vs. 0.66). The third conditional in Table 7 conditions
on a conjunction (Charlie both winning and playing chess),
demonstrating that direct inference extends to complex condi-
tions (conjunction J𝑝∧𝑞K is element-wise product J𝑝K⊙ J𝑞K).
Thus, graded relationships, e.g., the 1.5× probability adjust-
ment factors, are captured in representational geometry.

Figure 1 illustrates the relationship between training data
and learned representations. Binary Pool MCMC samples
(left) train the competitive neural model, yielding continuous
150-dimensional vectors (right). Brackets show conditional
probabilities computed directly from these vectors: hard in-
compatibilities in red (𝑃 ≈ 0), hard implications in green
(𝑃 ≈ 1), soft correlations in blue (elevated but sub-certain).



Figure 1: From Pool MCMC to distributed situation models. Left: A snippet of the binary 1/0 training data—10 displayed rows,
corresponding to 8 unique propositions out of 44 (‘C wins’ and ‘C plays soccer’ are repeated), and 100 Pool MCMC samples
(thin columns) out of 250,000. Right: Competitively learned 150-dim continuous vectors (distributed situation models) for the
same 8 propositions (with the same 2 repeats). Brackets: conditional probabilities computed directly from vector geometry: red
= hard incompatibility (𝑃 ≈ 0), green = hard implication (𝑃 ≈ 1), blue = soft correlation (elevated but sub-certain probability).

This is direct inference in action. Winning if playing well
is not a result of defeasible inference rules applied to sym-
bolic representations; 𝑃(win|play_well) = 0.74 is directly
read off the representational geometry: the overlap between
thewin(charlie) andplay_manner(charlie,well) vec-
tors in Figure 1, bottom right. The geometry is the inference.

Related Work
Mental Models and Situation Models. This work is part
of the broader mental models tradition (Johnson-Laird, 1983;
Johnson-Laird & Byrne, 1991). Mental models are analog
representations whose structure mirrors the structure of what
they represent, and reasoning proceeds by inspecting and ma-
nipulating the mental model. Situation models (van Dĳk &
Kintsch, 1983; Zwaan & Radvansky, 1998) extend this to dis-
course comprehension: understanding a text means construct-
ing a mental model of the described situation. Distributed situ-
ation models (Frank et al., 2003, 2009; Venhuizen et al., 2019)
operationalize this computationally, learning vector represen-
tations where geometric relations encode situational relations.
Our contribution ensures these representations are learned
from correctly sampled truth-conditional training data.

Grounded vs. Distributional Meaning. Distributed sit-
uation models differ from text-derived embeddings. Mod-
els like Word2Vec (Mikolov et al., 2013) and BERT (De-
vlin et al., 2019) learn representations where similarity re-
flects co-occurrence in corpora: distributional patterns in lan-
guage use (see Baroni & Lenci, 2010; Boleda, 2020, for sur-
veys). Our representations encode co-occurrence in possible
worlds: similarity reflects how often propositions are jointly
true across situations. This grounds meaning in truth condi-
tions (Montague, 1973) rather than usage patterns. The sam-
pling problem we address is specific to meanings grounded in

probabilistic world—not textual—knowledge.
Generics and Typicality. The soft constraints in our

microworld—playing well correlates with winning, special-
ists tend to win their preferred games—are generic / typical
generalizations that hold by default but not universally. Our
distributed representations intrinsically encode these proba-
bilistic defaults, which are frequent patterns in situation space.
With correct situation sampling in place, we can systemati-
cally investigate the connections between distributed situation
models and formal symbolic accounts of defeasible inference,
generics and typicality (Asher & Pelletier, 1997; Reiter, 1980).

Conclusion
Distributed situation models encode sentence meanings as
vectors where similarity reflects co-occurrence probability in
possible worlds, enabling direct inference: reading off what
one fact implies about another from representational geom-
etry. The quality of these representations depends critically
on training data that faithfully reflects the probabilistic struc-
ture of the world model. We identified a methodological
problem shared by all prior implementations of situation mod-
els: sequential situation sampling evaluates soft constraints on
partial information, systematically underestimating the prob-
abilistic correlations that situation models are meant to en-
code. We proposed Pool MCMC as a solution: enumerate all
valid situations satisfying hard constraints, then sample via
Metropolis with acceptance computed on complete situations,
ensuring soft constraints are correctly evaluated. Training a
competitive neural model on 250,000 Pool MCMC samples
yields distributed situation-model representations that faith-
fully encode in their geometry both hard and soft constraints.
Evaluating distributed situation models in downstream mod-
els, e.g., predicting RTs or N400, is left for a future occasion.
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