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Planners need symbols — the world gives us signals

Robots, sensors, Binary Symbolic

RL agents, traces planner
process logs 01101 (PDDL)

» Domain-independent planners require a symbolic model: predicates, typed
objects, action preconditions & effects.

» Real-world data is subsymbolic: sensor readings, neural-network encodings, raw
logs, etc.

Can we learn a symbolic planning model directly from binary observations?
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~ Domain model acquisition
Domain Model Acquisition (DMA)

Learn a symbolic domain D (predicates + action schemas) from observed traces of
states and actions.

> Existing methods assume states are given as sets of fluents and that action
arguments are known.

» We drop that assumption: states are opaque bit vectors.

Contribution

» An approach to DMA from purely binary-encoded traces.
» BITL1 simultaneously learns

1. the mapping from bits to symbolic fluents, and
2. lifted action schemas (preconditions + effects).

» Qutput is standard PDDL
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Background: Planning Models
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Classical planning in one slide

A domain D has typed predicates and action schemas; a state is a set of true

fluents.

hand

A T

table

State:
{on(A,B), on(B,table),

handempty}

Action schema pickup(x, y)
pre on(x,y), clear(x), handempty
del on(x,y), handempty
add holding(x), clear(y)
Applying pickup(A,B):
s’ =(s\ del(:)) U add()

A trace is an alternating sequence of states and action
labels t = (so, l1,51,02,...).
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From Symbolic to Subsymbolic Traces
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Same transition, two worlds

Symbolic setting: states are sets of fluents, action label known

{on(A,B), on(B,table), pickup {holding(A), on(B,table),
handempty, powered(E)} powered(E)}
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Same transition, two worlds

Symbolic setting: states are sets of fluents, action label known

{on(A,B), on(B,table), pickup {holding(A), on(B,table),
handempty, powered(E)} powered(E)}

Subsymbolic setting: same states, but encoded as bit vectors (mapping unknown)

ordering [on(A,B), on(B,table), handempty, holding(A), powered(E)]

up

ick
s = [MAELE] ——=2 > 5, - ([OEEE]
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The Subsymbolic DMA problem

Input: traces of binary state vectors linked by action labels.

2 12 63
[1fof1]1]o]———[1]1[of1]o]———[0]1]O[t]t|———>[0]1]1]O[1]

So S1 S2 S3

Goal: find...

» Action schemas A (preconditions + effects)
» A bit-to-fluent mapping o' for each trace.
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The BiTL1 Algorithm
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BITL1: from bits to a domain model

Generalises the L1 algorithm [Balyo et al., KR 2024] from the symbolic to the
subsymbolic case.

Phase 1
Binary Learn effects UL 2_ ) PDDL
traces and bit-to-fluent [ Learn preconditions domain
01101 mapping from symb.olic states D
via a SAT encoding recovered in Phase 1

» Phase 1 jointly fixes what each bit means and the action effects

> Phase 2 reuses the recovered symbolic states to read off preconditions
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Phase 1: effects & mapping via SAT

For every transition and every changed bit b, encode all consistent assignments as a
SAT formula.

bit b flips @% under action £

v

(assign(i, b, p(8)) bit b is fluent p(c‘z‘))

v

[add(e, p, %) p(%) € add(e)j

v

(bind(R, Xk, Ok) param x, — object ij

Err(t’, b, R) \/ \/ (asagn(l b, p(& /\\/add(f p,X) A BIND(R, X, o))

pePb d=p
» One global formula over the whole trace i = a consistent mapping.

> A satisfying assignment yields the effects and the bit-to-fluent map o'.
13/19



- Phase 2: learning preconditions

Phase 1 gives, for each transition, the objects bound to each action parameter = we
can recover symbolic states.

Lift, then intersect

For each transition: keep the pre-state fluents over bound objects, and /ift them (objects
— parameters). The precondition is what holds across all transitions of the action:

pret ()= [ {p(ug'(9)) | p(0) € s}

R:(Sb,f,sa)

» Same subroutine as .1, but it depends on the mapping from Phase 1.

> Also consider negative preconditions, with a symmetric construction over fluents
absent from s, (pre™(¢)).
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Experiments
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Baseline L1

» 18 IPC domains (same set as L1). » Solves the symbolic DMA
> 16 STRIPS + 2 with negative problem.
preconditions (Termes, Tidybot). » Sees more information than
» Symbolic traces re-encoded as bit BirL1.
vectors. » Re-implemented in Python +
PySAT.

» Most domains solved in < 5 min; learned models written to PDDL.

» Goal: how close are BITL1's models to the reference, given only bits?
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Bit-to-fluent mapping accuracy (% w/ symmetry)

Effects o | | ! !
Hanoi 100 |~

BiTL1 matches or beats L1 on 10 / 16 solved Forking ool

. . . . Isita . —

domains, despite seeing only bits. TPP =

Scanalyzer -

Tidybot -

oo S L

Preconditions Trananes B

o hildsnack =

» Fewer redundant preconditions than L1. Childsnack B

a a A= 5 n Elevat -

> Misses static ones (invisible in bits). Floartile -

Rovers =

» Negative preconditions learned well Barman -

(Tidybot: 21 learned, only 3 missed). Nomystery B
okoban

0 25 50 75 100
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\Where the mapping bends, and why it still works

Categorising imperfect bit-to-fluent assignments (avg. % across domains):

% of assignments

[J Symmetric obj. [[] Same pred. & types [_] Diff. pred. same types
[ Diff. types [] Varying arity
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BITL1: domain models from binary traces

» First DMA method that works on purely subsymbolic states.

» SAT encoding jointly learns the bit-to-fluent mapping and the action effects;
preconditions follow (incl. negative ones).

» Matches L1 on most domains while seeing far less information; outputs
ready-to-use PDDL.

» Continuous / neural encodings — learn straight from sensor data.
» Numeric PDDL; object-level cues to shrink the search space.
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BITL1: domain models from binary traces

» First DMA method that works on purely subsymbolic states.

» SAT encoding jointly learns the bit-to-fluent mapping and the action effects;
preconditions follow (incl. negative ones).

» Matches L1 on most domains while seeing far less information; outputs
ready-to-use PDDL.

» Continuous / neural encodings — learn straight from sensor data.
» Numeric PDDL; object-level cues to shrink the search space.

Thank you!  Questions?
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