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ABSTRACT address this by coupling neural perception with symbolic structure
Neuro-symbolic Al is often motivated by the belief that once per- and logic-like inference [3, 5, 8, 21].
ceptual inputs are grounded into symbols, systematic composi- A common intuition is that grounding is the main bottleneck: once
tional reasoning will follow. We test this assumption directly and perceptual inputs are mapped into appropriate symbols, systematic
find it to be false in general: strong grounding does not reliably reasoning should follow. Yet longstanding critiques emphasize that
translate into robust compositional generalization under distribu- systematicity and compositionality are not guaranteed by connec-
tion shift. We introduce the Iterative Logic Tensor Network (iLTN), tionist representations alone [6, 7, 17]. More recently, diagnostic
an extension of Logic Tensor Networks that learns an explicit benchmarks for compositional reasoning (e.g., grounded language
multi-step inference procedure via iterative belief refinement under and visual reasoning) have revived the question of whether archi-
first-order constraints. Using a controlled taxonomy of composi- tectures learn reasoning or simply exploit correlations [11, 18, 25].
tional shifts—entity, relational, and rule composition—we compare Claim (tested here). Grounding and compositional reasoning
grounding-only, reasoning-only, and joint training regimes on syn- are distinct capabilities; improving grounding alone is insufficient
thetic visual logic puzzles that disentangle perception from infer- for robust compositional generalization under structured shifts.

ence. Across all shift types, grounding-only models degrade sharply,
while iLTN substantially improves zero-shot robustness by opti-

2 SETTING AND TAXONOMY OF

mizing reasoning as a first-class capability. Our results show that COMPOSITIONAL SHIFTS

grounding and reasoning are not automatically complementary, We study synthetic visual logic puzzles where an image I depicts an

and suggest that agentic and multi-agent systems operating under object-centric world state and must be solved subject to a knowledge

changing entities, rules, and constraints should explicitly learn it- base K expressed as first-order logic constraints. The task is to infer

erative reasoning rather than assume it emerges from grounded a consistent assignment (or set of assignments) that satisfies K.

representations. This setting is aligned with diagnostic reasoning paradigms such as
visual question answering [1] and CLEVR-like controlled reasoning

KEYWORDS [11], while enabling clean separation of perception and inference.

Neuro-symbolic Al; symbol grounding; compositional generaliza- To probe generalization, we adopt a decomposition of composi-

tion; differentiable logic; multi-step reasoning tionality into controlled axes [10, 14]:
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1 INTRODUCTION 0 rainine:
Modern neural networks can achieve impressive in-distribution
performance yet remain brittle when generalization requires recom-
bining familiar parts into novel structures [6, 10, 14]. This limitation 3 THE iLTN FRAMEWORK
is especially problematic for autonomous agents and multi-agent
systems, where policies must generalize to new compositions of
entities, relations, and constraints (e.g., new teammates, new task
templates, new coordination rules). Neuro-symbolic Al seeks to

This taxonomy is designed to distinguish “having the right symbols”
from “using them systematically” [6, 17].

Background: LTNs. Logic Tensor Networks combine differen-
tiable predicate models with fuzzy logic semantics to integrate data
and knowledge [2, 20]. LTNs are effective for enforcing constraints
and performing soft satisfiability, but typical usage emphasizes one-

This work is licensed under a Creative Commons Attribution Inter- shot optimization of a logical loss rather than learning an explicit
amm national 4.0 License. multi-step deductive procedure.
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candidate symbolic assignments (e.g., per-cell distributions). Each
iteration performs:

(1) Constraint-driven update: compute a differentiable satis-
fiability objective induced by K (as in LTN-style semantics)
and update P*) — P(*1) via a learned or gradient-based
step.

(2) Differentiable discretization: apply a relaxation that en-
courages increasingly crisp hypotheses while keeping gradi-
ents informative, similar in spirit to differentiable constraint
solvers and grounding techniques [22, 26].

(3) Adaptive unrolling: allow the model to unroll more steps
for harder instances, connecting to broader step-wise verifi-
cation and iterative reasoning ideas [9, 13].

This architecture makes the reasoning trajectory a trainable ob-
ject, rather than assuming compositional behavior emerges from
grounded representations alone.

4 EVALUATION: GROUNDING-ONLY VS.
REASONING-ONLY VS. FULL ILTN

To isolate contributions, we compare three conditions:

¢ Grounding-only baseline: end-to-end perception-to-solution
training without explicit iterative reasoning supervision (a
common “implicit reasoning” regime).

e Reasoning-only ablation: provides pre-grounded sym-
bolic inputs and trains only the iterative reasoning mecha-
nism (tests inference without perception).

o Full iLTN: trains perception and iterative reasoning jointly,
optimizing both grounding and multi-step deductive behav-
ior.

Our design parallels “disentangling reasoning from perception”
methodologies used in neuro-symbolic VQA [25] and program/logic-
guided vision systems [15, 16], while focusing specifically on com-
positional shifts.

5 FINDINGS

Across entity, relational, and rule composition regimes, we observe
a consistent pattern:

Grounding-only fails under compositional shifts. Even when the
model achieves strong in-distribution accuracy, performance de-
teriorates sharply on compositional splits, consistent with prior
concerns that correlation-based solutions do not guarantee system-
aticity [6, 14, 24].

Explicit iterative reasoning improves robustness. The full iLTN
exhibits markedly stronger zero-shot robustness under all three
shift types, indicating that learning an explicit multi-step refine-
ment procedure supports generalization beyond what grounding
alone provides. This aligns with the broader perspective that com-
positional generalization often benefits from inductive biases or
objectives that reflect compositional structure [4, 12, 18].

End-to-end training can benefit reasoning itself. In several cases,
the full iLTN compares favorably to the reasoning-only ablation,
suggesting that training reasoning under perceptual uncertainty
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can regularize inference and improve tolerance to imperfect repre-
sentations, echoing themes in grounded world model learning [19]
and grounded specification learning [23].

6 IMPLICATIONS FOR AAMAS

For autonomous agents and multi-agent systems, compositional
generalization is often the rule rather than the exception: new team-
mates, new task graphs, new constraint sets, and new negotiation
structures arise frequently. Our results caution against a design
pattern that treats symbol grounding as a sufficient “unlock” for ro-
bust reasoning. Instead, reasoning should be treated as a first-class,
optimizable capability, with explicit objectives and architectures
that support multi-step inference [5, 8, 21]. This is directly rele-
vant to agent planning under constraints, coalition formation with
changing rules, and verification-heavy coordination settings where
step-wise deduction matters.

7 CONCLUSION

We present evidence that grounding and compositional reasoning
are not automatically complementary: solving grounding does not
reliably yield systematic compositional generalization. By extend-
ing LTNs with explicit iterative refinement, iLTN learns multi-step
deductive behavior that substantially improves robustness under
entity, relational, and rule composition shifts. The key takeaway for
agentic and multi-agent applications is practical: to obtain reliable
out-of-distribution coordination and constraint satisfaction, rea-
soning must be explicitly optimized, not assumed to emerge from
grounded symbols.
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