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Once there was a little boy who lived in a hot country.

One day his mother told him to take some cake to his grandmother.

She warned him to hold it carefully so it wouldn't break into crumbs.

The little boy put the cake in a leaf under his arm and carried it to his grandmother’s.
When he got there, the cake had crumbled into tiny pieces.

His grandmother told him he was a silly boy. (Stein and Glenn, 1979)
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Main Idea (I): Discourse Interpretation as Search for Coherence

e Discourse interpretation = construct sequence of situation models (mental representations)
e.g., the 4 drawings above, showing situations described in discourse unfolding in time

We use background world knowledge to enrich explicitly stated story with inferences
@ Boy silly b/c background world knowledge includes: cakes crumble when squeezed
t1: boy puts cake in leaf under arm — t»: cake crumbles into pieces

@ Coherence = alignment with learned model of world’s temporal dynamics

o Interpretation = coherence-increasing inference process
Not active goal search, but constructive process that takes processing effort / time

@ Compositional interpretation at the sub-sentential level: problem for another day
Focus: pervasive ‘intrusion’ of world knowledge in interpretation construction

@ Misleading to call this ‘intrusion” — it's the main work of discourse interpretation
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Main Idea (II): Counterfactual Interpretation as Search for Coherence

In this context, we can say:
If the boy had carried the cake on top of his head, the cake wouldn’t have crumbled.

Proposal: Counterfactual Interpretation Leverages the Same Inference Process

@ Same coherence-seeking inference process underlies counterfactual interpretation

@ To interpret CF: construct CF antecedent situation model as similar as possible to actual
context by maximizing temporal coherence of CF antec and actual context

o CF antec + actual context = hybrid “miracle” timeline; ODE dynamics “heal” it

@ Follow Thomason (1970); Ippolito (2013); Khoo (2017): historically-structured interpretation for
counterfactuals

@ But | construct the similarity relation via coherence-seeking — formally explicit pragmatics

@ Build on learned model of the world: Frank et al. (2003) (Golden et al., 1994; Venhuizen et al., 2022)
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Need: Similarity + Predict How Events Typically Unfold + Plausible

Inference

What kind of meaning representations do we need to interpret counterfactual above — or this
one, which we will be focusing on from now on:

[Context]  It's raining (at t;). Bob and Jane are playing computer games (at t).

[CF] If it had been sunny (at t1), they would have played outside instead (at tp).

We need:

© Similarity / Distance between Situation Models: Construct a situation model where it's sunny
at t; (instead of rainy), but that's otherwise as similar as possible to actual context

© Predict How Events Typically Unfold: If at t; we're in a counterfactual sunny situation that's
otherwise as similar as possible to the actual world, predict what would happen next at time t, based on
background knowledge of how events typically unfold

© Plausible Inference: In that inertially predicted situation model at time t, it's more likely (see
Kaufmann 2015; Lassiter 2017 a.o. for probabilistic approaches to modality) that Bob and Jane play outside
than that they play computer games (actual activity), even though we constructed a counterfactual

situation that's as similar as possible to the actual context
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Bonus Points: Up-front Predictions + Processing Predictions

@ Want to be formal, systematic, up-front about similarity, temporal unfolding, plausible
inference

- Minimize informal pragmatic reasoning made precise on a case-by-case basis
- Set up microworld + learned model before analyzing any specific examples

© Want a semantic theory that inherently makes processing predictions

- Processing time not external to meaning but intrinsic to it
- Energy = surprisal = linking hypothesis emerges from framework
- Challenges traditional competence-performance boundary

@ World knowledge integrated into core interpretation

- Not “pragmatic intrusion” but the main work of interpretation
- Challenges traditional semantics-pragmatics boundary
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@ Sentence Meaning in a Learned Model of the World

© Discourse Meaning in a Learned Model of the World

© Temporal World Knowledge

@ Discourse Interpretation as Search for Temporal Coherence

© Dynamic Conjunction and Incremental Discourse Interpretation
@ Counterfactual Interpretation as Search for Temporal Coherence
@ Richer Temporal Structures

© Interpretation as Retrieval from Content-Addressable Memory

© Summary and Conclusion
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Sentences Denote Situation Models — and an Example Microworld

Understanding a sentence = constructing a situation (mental) model of described situation
= understanding conditions under which sentence true ~ mentally ‘simulating’ described situation

Situation models: non-linguistic, truth-conditional, analog mental representations
@ similar to result of actually perceiving described situation
e disquotational: ‘simulate’ conditions under which sentence (description of situation) is true
@ but more: ‘simulation’ has analog properties that enable direct inspection for inference
(Zwaan, 1999, 2008; Frank and Vigliocco, 2011; Noordman and Vonk, 2015)

Example microworld: activities and states of two characters Bob and Jane (Frank et al., 2003)
Situation at time t is exhaustively specified by the truth / falsity of 14 atomic propositions:

1. SUN The sun shines. 8. J_COMP Jane plays a computer game.
2. RAIN It rains. 9. B_DOG Bob plays with the dog.

3 B_OUT Bob is outside. 10. J_DOG Jane plays with the dog.

4. J_OuT Jane is outside. 11. B_TIRED Bob is tired.

5. SOCCER Bob and Jane play soccer. 12.  J_TIRED  Janeis tired.

6 HIDEnSEEK  Bob and Jane play hide-and-seek. 13. B_WINS Bob wins.

7 B_COMP Bob plays a computer game. 14. J_WINS Jane wins.
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250 Temporally-Ordered Situations in the Microworld: Training data for [-]

Training data for [-]: 14 atomic props that are True (dark) or False (light) in 250 temporally-ordered situations
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Model for Priorian tense logic (Prior 1955 a.o.), but think of it as training data for [-]: sample ‘movie’ of 250
‘time frames’ showing how events typically unfold in microworld, which we perceive and learn from

Columns: complete specification of world @ time t wrt the 14 props/atomic world features = situations

Rows: truth-conditions of props, set of world @ times t where prop is 1 (or 0) ~ situation models o/a8



Why set up a microworld + Two Kinds of World Knowledge

Setting up a microworld in advance means we are up-front about our predictions of
what counts as similar situations, how events typically unfold, what plausibly follows from what

before we see any particular example discourse or counterfactual

World Knowledge: Non-temporal (Within Time Step) and Temporal (Across Time Steps)

Non-temporal constraints — situation models should (approximately) encode these:

o Can't be both sunny and rainy and (probabilistic) it's sunny more often than rainy

e Bob and Jane can only play soccer when they are outside

e They can only play computer games when inside (—outside)

e They can only perform one activity at a time

o (Probabilistic) They are more likely to be outside when sun shines and inside when it rains

Temporal constraints — drive inferential enrichment during discourse interpretation:

e A game can only be won if it was played in the previous time step
o (Probabilistic) Whoever is tired is less likely to win at the next time step
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The Sample of 250 Temporally-Ordered Situations as Training Data for [-]

@ Use 250 temporally-ordered situations as training data to learn an approximate mental
model of microworld as characterized by 14 atomic props / elementary features of the world

That is, to learn the interpretation function [-]

@ Two components of our learned mental model of the microworld / our learned [-]:
situation models encoding (an approx. of) non-temporal ‘hard’ and ‘soft’ constraints
temporal dynamics model encoding (an approx. of) temporal ‘hard’ and ‘soft’ constraints

@ Various choices for situation / temporal-dynamics models and learning algorithms, go with
Self-Organizing Maps (SOMs) for situation models (Kohonen, 1995; Frank et al., 2003)
Markov Random Field (MRF) for temporal dynamics (Golden et al., 1994; Frank et al., 2003)

@ Specific models and algorithms less important — primarily interested in
analog nature of learned representations that directly supports various operations
operations they support: similarity, predict future, plausible inference, processing time
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Learned [-] Assigning Truth Conditions = Situation Models to Atomic

Props

Meanings = Truth Conditions = Distributed / ‘Gestalt’ Situation-Model Representations for the 14 Atomic Propositions
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Darker = higher activation. Patterns encode probabilistic truth-conditions learned from training data.
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Sentence Meaning in a Learned Model of the World

@ Sentence meanings: situation models formalized as vectors in space ¥ = [0, 1]" (n = 150)
each vector: a 15 row x 10 column map consisting of 150 hexagonal cells
each cell has a value in the continuous interval [0, 1]

14 SOM-learned vectors = Lexical meanings for the 14 atomic props: [SUN], [RAIN],...
Distributed/‘Gestalt’ representations of truth conditions (approx. of rows in training data)
no 1-1 correspondence between row of 250 truth-values and 150 microfeatures of SOM vector

@ Look like language-model embeddings, but fundamentally different: truly semantic,
encode world / non-linguistic patterns, not word co-occurrence / linguistic patterns

e Have semantic geometry / analog properties encoding non-temporal world knowledge:
Prior / base probability of occurrence in the microworld ~ average 'height’ of map
Likelihood of co-occurrence in the microworld ~ overlap / separation of ‘peaks’
Smaller area that has ‘peaks’ = more specific information, hence lower probability
Larger ‘peaky’ area = low info / evidence, supports / compatible with many situations
Similarity between meanings ~ distance in situation-model space ¥
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Sentence-Level Compositionality Part 1: Negation

With the lexical meanings for atomic props in hand, we recursively assign meanings to any
non-atomic prop using vectorial versions of fuzzy logic operations (Zadeh, 1975)

Negation: [-p] =1 — [p] (element-wise subtraction)

Meanings / Situation Models for Two Propositions and Their Negations
-SUN RAIN -RAIN

® ‘ F "“
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Sentence-Level Compositionality Part 2: Conjunction

Conjunction: [p A q] = [p] © [4] (®: element-wise / Hadamard product)

[conjunction could be element-wise min too]

Meanings / Situation Models for Two Propositions and Their Conjunction
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Sentence-Level Compositionality Part 3: Disjunction

Disjunction (by De Morgan): [pV q] = [~(=p A =q)] = [p] + [q] — [P] © [4]

Meanings / Situation Models for Two Propositions and Their Disjunction
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Gradient Support / Conditional Probability / Plausible Inference

As mentioned, some intuitive analog properties of situation models (SOM vectors) are
probabilistic. We can formally define them:

@ Prior / base probability of a prop p: average activation of its meaning

P(p) = mean([p]) = £ X7 [pl; =7 (Ie112)

o Putting together the definitions of probability and conjunction, we define a notion of
gradient support of a prop q by a prop p = conditional probability of q given p

_ P(pAq) _ ylIelelal)i - >2M(Ielilal) _[ali
P(p | a) = "5(g) D S CTRRR v CTR ([[”ﬂ’z,?ﬂqﬂf)

Situation-model space ¥ supports plausible inference, needed for counterfactuals!
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Discourse Meaning in a Learned Model of the World

@ Meaning of a discourse of length T: temporally-ordered sequence of situation models
X = (X1, Xa,...,XT), where situation model X; is meaning of t-th sentence in discourse

@ For now, we hard-code narrative temporal progression:
seq. of sentences in discourse = progression of situation-model time

(We'll generalize this later to handle flashbacks, elaborations, explanations, non-past CFs)

@ Meaning of discourse: trajectory in situation-model space ¥, passing through points
X1, X2, ..., X7 in (temporal) order [situation models are points in X]

@ But: SOM vectors provide only static meanings

Discourse meanings (temporal progressions) also involve temporal dynamics
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The Temporal World Knowledge Matrix W

@ Simplest assumption: what we think is happening at time t (our situation model at time t,
a.k.a. X;) is directly influenced only by what we think is happening at adjacent times ¢t 41

First-order Markov assumption (Golden and Rumelhart, 1993; Golden et al., 1994; Frank et al.,
2003)

@ Influences across multiple steps arise exclusively via composing influences across single steps

e Temporal knowledge: an n x n matrix W (n = 150), estimated from training data

@ W captures all temporal correlations, not only causal connections: what is likely happening
at time step t given what's happening at neighboring time steps t +1
Bob tired at t, then less likely to win at t + 1
Bob wins at t, must have been playing some game at t — 1
Rains at t, Bob and Jane likely to move inside at t + 1, etc.
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Computing Expected Situation Model at Next / Previous Time Step

@ We can now predict next / previous situation model given situation model [p] at t:
Expected at t + 1: [Next(p)] = NEXT([p]) := o([p] W)
Expected at t — 1: [Previous(p)] = PREV([p]) := o([p]W ") [WT is the transpose of W]
o: sigmoid function mapping to (0, 1); ensures predicted situation models remain valid points in X

‘redicted (Expected) Situation Models Before and After SUN (at ¢t = 0) According to Temporal World Knowledge T
= —1: PREV(SUN) t=0: SUN ¢ = 1: NEXT(SUN) t = 2: NEXT(NEXT(SUN))

0.00

W supports predicting how events typically unfold, needed for counterfactuals! )



Discourse Interpretation as Search for Temporal Coherence

Discourse Interpretation 1: Initial Static Meaning [Already Discussed]

Stated discourse meaning = temporally-ordered sequence of situation models (one per sentence)
= time-indexed trajectory in situation-model space X = (Xi, X, ..., XT)

Discourse Interpretation 2: Dynamic Update — Increase Alignment with Knowledge W

Interpretation = Inference Process that Moves Initial Meaning in Closer Alignment with W
@ Use background temporal world knowledge W to enrich stated discourse with inferences
@ Inferential enrichment increases temporal coherence, i.e., aligns discourse trajectory with W

@ Work of interpretation / inference: pushing discourse trajectory in situation-model space X
@ This work / cognitive effort takes processing time 7

T is continuous time — actual processing / reaction time
t is discrete time — narrative / situation-model time
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Search for Coherence = Increase Alignment with World Knowledge W

o Initial discourse trajectory (static interpretation of stated discourse): X = (X1, Xa,..., XT)

@ Foreach t=1... T, compute expected situation model at t given situation models at
t+1:
Et = O'(thl w + Xt+1 WT)

E;: best guess according to W for how events unfolded at t if all we knew was X;+1
e To align discourse trajectory X with W, push each X; in direction E; points towards

@ Inference process / dynamic interpretation happens incrementally, one sentence at a time:
e Sentence 1 is statically interpreted: denotes situation model X;
e Sentence 2 is statically interpreted: denotes situation model X,
e Dynamic update: align partial trajectory (Xi, Xo) with W
e Sentence 3 is statically interpreted: denotes X3; then dynamically update (Xi, X5, X3)
o Continue with the static + dynamic interpretation of next sentence, until final sentence T
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ODEs for the Dynamics of Trajectory Update = Similarity

Dynamics for complete discourse trajectory: vector field F defined by system of coupled ODEs

./7(5((7'), )‘(initiaI’ W) _ <d)27(_7')’ d);27(_7')7 o dXqugT)>

e F: flow in trajectory space ¥, points trajectory toward alignment with W

@ Flow slows as system approaches equilibrium; stabilizes at time 7* (controlled by 6)
(6 = depth-of-processing parameter controlling how long inference runs before stabilizing)

@ An Anchor term in each ODE (not shown) ensures activations stay in [0, XMti2/]:

- Ceiling XMt can't exceed what was explicitly stated
- Floor 0: incoherent microfeatures decay toward zero
- Interpretation can only conjunctively refine, never contradict input

ODEs provide similarity for CFs: sculpt CF antec to be maximally coherent with actual
context, while Anchor ensures CF antec remains true
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Dynamic Conjunction and Incremental Dynamic Discourse Interpretation

@ Interpretation function [-] assigns initial static meanings Xnitial +6 props p in discourse
@ Given initial static trajectory XMt (explicitly stated), the final temporal-inference enriched
interpretation is provided by the dynamic interpretation function Z.¢( Xnitial).

IW,O()‘(initiaI) — 5((7'*) — Xinitial 4 f(;'* f(X(TL)_(initial’ W)dT

Discourses D defined in terms of a dynamic conjunction (sequencing) operator ;
D:=p | D;p We use ; to incrementally extend discourse with one static prop p

Incremental Dynamic Discourse Interpretation [D]"W:? for a discourse D := D'; p

[01"° =2 (DT @ ([p]))

D] Wh g ([p]): extension of trajectory [D'] W.0 with [Pl @: sequence concatenation

[D'TY9: final, already stabilized interpretation of prefix discourse D’
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Example: It's raining. Bob and Jane are playing computer games.

Example Discourse: The Context for Our Counterfactual

It's raining (at t = 1). Bob and Jane are playing computer games (at t = 2).

[RAIN; (B_COMP A J_COMP)|W:0-3 = TW.O03(([RAIN], [B_COMP A J_COMP])) = (X{,X3)

Two-Sentence Dyn. Conj.: Initial Trajectory (X, X5), and Final Trajectory (X{, X3) after Dyn. Interpretation
Initial X; = [RAIN] Initial X, = [B_COMP A J_COMP] Final X} = [RAIN]* Final X3 = [B_COMP A J_COMP]*

0.00
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CF Interpretation as Search for Temporal Coherence

[Context]  It's raining (at t1). Bob and Jane are playing computer games (at tp).
[CF] If it had been sunny (at t1), they would have played outside instead (at t»).

@ Counterfactuals leverage the same coherence-seeking inferential process as discourses
But their meaning is of a different kind:
Ind. sentences/discourses: about current (candidate for) actual situation model/trajectory
Counterfactuals: statements about the temporal world knowledge matrix W
In intensional semantics terms:
- Conditionals in general: about modal accessibility relations
- Counterfactuals specifically: about the historically-structured similarity relation
@ So we will assemble their interpretation differently:
Context for CF Interpretation: ZW:0-3(([RAIN], [B_COMP A J_COMP])) = (X7, X5)
We set CF antecedent in the past of actual context X3 (Ippolito, 2013), then 2 steps:
1. Update situation model for CF antecedent to be as similar as possible to actual context X3
2. Evaluate CF consequent relative to time step after the updated CF antecedent
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CF Interpretation as Search for Temporal Coherence: Step 1

[CF] If it had been sunny (at t1), they would have played outside instead (at t»).

@ Update situation model for CF antecedent to be as similar as possible to actual context X5
- REPLACE operation: swap actual X" for CF antec [SUN]; then coherence-seeking “heals” the hybrid timeline
- [suN]*: CF antec maximally coherent with actual context ({[SUN]*, X3*) = Z":%3(([sun], X3)))

CF Antec Situation Model Before and After Similarity Alignment with Actual Context X3 (and W)

Initial CF Antec [SUN] (t=1) Actual Context X3 (t=2) Final CF Antec [sun]* X3* [ignore]




Predicted Processing Time for CF Antec [SUN]* as Function of 6: Step 1
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CF Interpretation as Search for Temporal Coherence: Step 2

[CF] If it had been sunny (at t1), they would have played outside instead (at t2).

@ Evaluate CF consequent relative to time step after CF antecedent NEXT([SUN]*): had it
been sunny (at t1), what would we expect to happen next (at t,) according to W?

CF true iff cond. prob. of CF conseq given NEXT([SUN]*) > contextual threshold =
P([SOCCER V HIDEnSEEK] | NEXT([SUN]*)) > P([B_COMP A J_COMP] | NEXT([SUN]*))

- In our microworld, playing outside is translated as the disjunction SOCCER V HIDEnSEEK

- 'Instead’ sets context threshold 7 to cond. prob. of actual activity given NEXT([SUN]*)
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CF Interpretation as Search for Temporal Coherence: Step 2 ctd

[CF] If it had been sunny (at t1), they would have played outside instead (at t).

P([SOCCER \ HIDEnSEEK] | NEXT([SUN]*)) = 0.41 P([B_COMP A J_COMP] | NEXT([SUN]*)) = 0.01

Final CF Antec [SUN]*, Expected NEXT([SUN]*), CF Conseq [SOCCER \V HIDEnSEEK], and Actual Activity [B_COMP A J_COMP]
CF Antec [SUN]* Expected NEXT([SUN]*) CF Conseq [[SOCCER V HIDEnSEEK]  Actual Activity [B_COMP A J_COMP]

1.00

0.00
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Beyond Narrative Progression: Richer Temporal Structures

So far, we hardcoded sentence order = temporal order (narrative progression)

But natural language discourses have richer temporal structures:
© Flashback: Bob won the game. He had practiced all morning.

Second sentence describes event prior to first — past perfect signals backward shift

© Elaboration: Bob and Jane played outside. They played soccer.

Second sentence provides more specific info about same event, not a subsequent one

© Explanation: The cake crumbled into pieces. The boy had squeezed it under his arm.
Second sentence describes prior event that caused the first

Under narrative progression, all three would place second event after first

Key insight: The coherence-seeking ODE mechanism is independent of how the trajectory is
constructed. What varies is the structural attachment of new situation models.
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Reference Time (Focus) and Event Time (Target)

To track where new information attaches, we maintain:

@ Focus index f: the currently “active” temporal position
- Analogous to Reichenbach’s reference time
- The temporal vantage point relative to which new events are located

o Target index k: where in the trajectory the new situation model belongs
- Analogous to Reichenbach’s event time
- Determined by linguistic cues: tense/aspect, adverbials, discourse connectives

Relation Indices Examples

Narrative progression k=1f+1 simple past after simple past
Flashback / Explanation k<f past perfect

Elaboration / Simultaneity k = f progressive, statives

After processing, focus typically updates: f < k
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Elementary Trajectory Operations

Three elementary operations for building/modifying trajectories:

INSERT_1(X, k): Extend timeline (no content yet)
<X1,...,kal,].,Xk,...,XT> f«+ k

Inserts unconstrained 1 (all ones) at position k; shifts subsequent elements; updates focus

CONJOIN(X, [¢], k): Add linguistic constraints at position k
(Xiyoo s Xie1, Xk © 0], Xkt1y - - -, XT) focus unchanged

Hadamard product adds constraints from [¢] to existing situation model at k

REPLACE(X, [¢], k): Overwrite content (CFs, corrections)
(X1, oy Xi—1, [l Xea1y -+, XT) f < k (context-dep.)

Substitutes [¢] for whatever was at position k; used for counterfactuals, corrections
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Derived Operations: INSERT and APPEND

The elementary operations compose to give us familiar discourse moves:

INSERT(X, [¢], k) = extend timeline + add content

INSERT(X, [¢], k) = cONJOIN(INSERT_1(X, k), [¢], k)

Step 1: INSERT_1 creates a new unconstrained position at k
Step 2: CONJOIN fills that position with the content [¢]

APPEND(X, [¢]) = INSERT at end of trajectory

APPEND(X, [¢]) = INSERT(X, [¢], T + 1)

This is narrative progression: add new event after everything so far

Payoff: Flashbacks use INSERT with k < f; elaborations use CONJOIN at k = f;
counterfactuals use REPLACE; narrative progression uses APPEND 35/48



Generalized Dynamic Interpretation

The dynamic interpretation function ZW+? operates on whatever trajectory it receives.

Only the construction of that trajectory varies across temporal relations:

Generalized Interpretation Rule

[D';¢] we _ gw.e ( OP ([[D’]] W, L], k) )

@ OP € {INSERT, CONJOIN, REPLACE, . ..}: determined by temporal/rhetorical relation

@ k: target position, determined by linguistic cues (tense, aspect, connectives)

o [D'JW9: already-stabilized interpretation of preceding discourse

The original rule is recovered as the special case OP = APPEND, k= T + 1:
[D'; o]0 =TV DTV @ ([¢]))
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Example: Explanation as INSERT

The cake crumbled into pieces (at t;). The boy had squeezed it under his arm (at t).

Step 1: Interpret first sentence as singleton trajectory
[“The cake crumbled”]""? = ([cRUMBLED]) f=1
Step 2: Past perfect signals k < f. Apply INSERT at k = 1:
INSERT(([CRUMBLED]), [SQUEEZED], 1) = ([SQUEEZED], [CRUMBLED]) f«1

Now trajectory has correct temporal order: squeezing at t;, crumbling at t,
Step 3: Apply dynamic interpretation ZW-?:
IW9(([sQUEEZED], [CRUMBLED])) = (X}, X3)

Coherence-seeking enriches both with the causal connection via W

(Under narrative-progression, we'd incorrectly get (JCRUMBLED], [SQUEEZED]) — effect before cause)
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Counterfactuals as REPLACE: A Unified View

The CF similarity computation from earlier is exactly REPLACE:

CF Antecedent Interpretation = REPLACE + Coherence-Seeking

Given actual context trajectory (X7, X3), the CF antecedent “If it had been sunny...” triggers
REPLACE at k = 1:

REPLACE( (Xf, X5>, [[SUN]], 1) = ([[SUN]], X5> “miracle” timeline

Then coherence-seeking “heals” this hybrid trajectory:
IWO(({[sun], X3)) = ([sun]*, X3*)

The Anchor term in the ODE ensures [SUN]* still entails [SUN]: the antecedent remains true throughout

Unification: Both flashbacks/explanations and counterfactuals involve:
@ Editing an established timeline (via INSERT or REPLACE)
@ Seeking coherence via the same ODE dynamics
© Respecting linguistic constraints via the Anchor term

The difference: INSERT adds factual content; REPLACE substitutes hypothetical content 3848



Energy (=Incoherence / Discord) Based Temporal Resolution

When linguistic cues underdetermine temporal relation, we disambiguate by choosing among
candidate trajectories.
Example: “Bob won. He practiced.” (bare past compatible with narration or explanation)
e Narration: ([WIN], [PRACTICE]) (practiced after winning?)
e Explanation: ([PRACTICE], [WIN]) (practiced before winning)

Energy (=Incoherence / Discord / Tension) based resolution: For each candidate X,
compute stabilized interpretation and its energy. Prefer lowest energy / most coherent candidate:

X* = arg n)l(in H (IW’Q()_(C))

C

If W encodes “practice typically precedes winning,” the explanation trajectory is more coherent
/ has lower energy = preferred interpretation

The Gibbs distribution P(X) oc exp(—H(X)) assigns probabilities to candidates:
high-energy (incoherent) — low probability; low-energy (coherent) — high probability
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Window of Plasticity and Defeasibility

Strict incrementality: Once stabilized, X} becomes the new ceiling—inferences “harden”

Alternative: Window of plasticity for recent positions, retain both:
e Xinitial: what was said (original linguistic constraints)

e X;: what is currently understood (after inferential enrichment)

Explains defeasibility (Asher, 2013):
John fell. Mary pushed him. He rolled off the cliff.

First two sentences invite Explanation (push caused fall). Third sentence shifts to Narration (fall, push, roll).
Retaining X' allows revision.

Implications for counterfactuals:
o Compare CF antecedent against X"t (what was said)?
@ Or against X* (what is understood, including inferences)?
o Different predictions for how freely CF scenarios can diverge from actuality
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Energy, Surprisal, and Processing Time

The Gibbs distribution P(X) = £ exp(—H(X)) yields a logarithmic relationship:

H(X) = —In P(X) + constant

Energy = surprisal (self-information) up to a constant! (Hale, 2001; Levy, 2008)

Linking hypothesis emerges from the framework:
e High-energy trajectory = surprising / violates expectations of W = far from attractor basin
@ Processing time 7 = time to traverse energy landscape to equilibrium
o Processing difficulty o energy dissipated oc H(X™Mtal) — H(X*)

Unlike approaches that first build competence-level semantics then construct a separate linking
theory:

- DSS treats processing time as intrinsic to interpretation, not external
- Connects directly to surprisal theory of processing difficulty
- Prediction: reading times correlate with 7* / energy gap
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‘Healing’ CF Timeline (Computing Similarity): Descent on Energy Surface

‘Healing’ the Timeline: Descent on the Energy Surface

Dynamic Interpretation Path
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Interpretation as Retrieval from Content-Addressable Memory

DSS architecture — continuous states, sigmoid activation, energy minimization — places it in
the class of Continuous Hopfield Networks (CHNSs) (Hopfield, 1984)

Interpretation = Pattern Completion in Content-Addressable Memory

@ Storage: “Memories” are not snapshots of specific episodes but temporal laws — the
“common-sense physics” of how histories typically unfold, encoded in W

e Cue: The initial trajectory X"i2 is a partial /noisy pattern lacking full causal connectivity;
for CFs, a deliberately distorted “miracle” timeline

o Retrieval: The ODE dynamics Z"¥ = relaxation into nearest attractor basin =
constructive pattern completion according to learned physics

Key distinction: The network doesn’'t memorize histories — it memorizes how histories work.
Retrieval: constructing a coherent timeline, not recalling a stored one.
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Two Perspectives on the Same Process

Semantic perspective: Memory perspective:
@ Interpretation = search for coherence @ Interpretation = pattern completion from
with learned world knowledge a partial cue
o Counterfactual similarity = constructive, o CF antecedent + actual context =
not primitive memory cue
@ Processing time reflects inferential work @ Retrieval = relaxation to nearest basin

Why does the CHN framing matter?

Not competing theories, two perspectives on the same phenomenon. CHN framing buys us:

@ Connect to established neural architecture lit., e.g., modern CHNs = transformers
@ An answer to “what does it mean to understand a discourse?”:

(Re)constructing from memory how the world works, given a partial cue
Back to the beginning of the talk: the mental simulation view of meaning
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Summary and Conclusion

Distributed Situation-model Semantics (DSS): A semantic theory rebuilt from scratch with
world knowledge inferences and processing predictions as intrinsic features

@ Situation-model space ¥ with meaningful @ Processing time intrinsic to meaning; no
geometry separate linking theory needed

@ Temporal dynamics W': learned @ Energy = surprisal = processing
“common-sense physics” predictions

@ Interpretation = ODE-governed @ CHN: interpretation as memory retrieval
coherence-seeking @ Trajectory editing beyond narrative

o CF similarity: emergent, not primitive progression

@ World knowledge not “intrusion” but @ CFs as REPLACE operations

core part of interpretation
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