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Abstract

Natural language (NL) to temporal logic (TL)
translation lets engineers specify and verify
system behaviors without hand-crafting formal
specifications. Existing frameworks lift NL
into syntactically valid TL but leave atomic
propositions abstract—not grounded to the con-
crete predicates and typed objects a system
exposes (e.g., binding “find the bookbag” to
search(backpack)). Ungrounded formulas
cannot be checked over traces, yet current sys-
tems either omit grounding or ground inaccu-
rately. We propose GinSign, a modular stage
for Grounding Natural Language Into System
Signatures that attaches to any NL-to-TL lifter.
We cast grounding as signature-conditioned
classification: enumerating the signature as an
input prefix lets one encoder-only model as-
sign each abstract AP a predicate and its typed
arguments, generalize to unseen signature el-
ements, and transfer across domains without
retraining, while never hallucinating out-of-
signature atoms. Because predictions are selec-
tions from the enumerated signature, the out-
of-signature rate is 0% by construction, against
up to 95% for prompted LLMs given the same
signature in-context. GinSign attains at least
99% joint grounding accuracy across seven do-
mains (worst case 99.39±0.04 over five seeds);
paired with a lifter, it produces executable spec-
ifications that track the oracle-grounding up-
per bound, improving grounded logical equiv-
alence by 75% over the strongest prompted-
LLM and embedding-similarity grounder.

1 Introduction

Formal language specifications are foundational to
a wide range of systems, including autonomous
robots and vehicles (Raman et al., 2013; Mallozzi
et al., 2019; Harapanahalli et al., 2019; Tellex et al.,
2020), cyber-physical controllers (Konur, 2013;
Abbas et al., 2013; Hoxha et al., 2018), and safety-
critical software (Bowen and Stavridou, 1993; Yoo

et al., 2009; Alur, 2015). Among these, temporal
logic (TL) specification plays a central role in en-
abling formal verification of these systems (Bellini
et al., 2000; Watson and Scheidt, 2005). Despite
its power, TL specification is difficult and typically
requires domain expertise (Thistle and Wonham,
1986; Cardoso et al., 2021; Yin et al., 2024). In
practice, system requirements are often provided
by stakeholders in natural language (NL), which
is inherently ambiguous and lacks formal preci-
sion (Lamar, 2009; Veizaga et al., 2021; Lafi et al.,
2021). To bridge this gap, there has been growing
interest in using artificial intelligence methods to
automatically translate natural language specifica-
tions into temporal logic (Fuggitti and Chakraborti,
2023; Chen et al., 2023).

Despite recent gains from sequence-to-sequence
(seq2seq) models (Hsiung et al., 2022; Hahn et al.,
2022; Pan et al., 2023) and large language mod-
els (LLMs) (Cosler et al., 2023; Fuggitti and
Chakraborti, 2023; Chen et al., 2023; Xu et al.,
2024), most NL-to-TL pipelines remain difficult
to deploy in real-world systems. While modern
lifting approaches often produce syntactically valid
TL specifications, the atomic propositions (APs)
are typically left undefined. Many state-of-the-art
methods explicitly assume access to ground-truth
atom groundings (Hsiung et al., 2022; Chen et al.,
2023). However, without grounding APs in the
target system and environment, the resulting TL
formulas cannot be interpreted over traces or state
machines, preventing deployment. Lang2LTL (Liu
et al., 2023) addresses grounding by using embed-
ding similarity to align lifted APs with semantic
maps, but undershoots state-of-the-art lifted trans-
lation accuracy by more than 20%, highlighting the
difficulty of jointly achieving accurate lifting and
precise grounding.

To illustrate this challenge, consider the example
in the top half of Figure 1. Existing systems may
translate “The robot must find the bookbag and then
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The robot must find the bookbag and then deliver it to shipping.
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LTL: ⃟  (Search(Item(backpack)) ⋃ deliver(Item(backpack), Location(loading_dock)))
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Types:       
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deliver(Item, Location)

System Signature
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2b

The robot must find the bookbag and then deliver it to shipping.

BERT Grounder
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Language 
Model

prop_1: find the bookbag
prop_2: deliver it to shipping

GinSign

Lifted NL:

Lifted APs: Lifted TL:

Figure 1: Overview of the GinSign framework.

deliver it to shipping” into ♢(prop1 ∧ ♢(prop2)),
which is syntactically valid but semantically mean-
ingless because the APs are not grounded in the
system predicates and environment. As a result,
the formula cannot be interpreted operationally on
traces or state machines. To address this limitation,
we ground all APs during NL-to-TL translation,
as illustrated in the bottom of Figure 1: GinSign
maps prop1 to search(backpack) and prop2 to
deliver(backpack, loading_dock), yielding a
fully grounded formula (Figure 1, bottom) that can
now be evaluated over system traces. Note that the
grounded constants (backpack, loading_dock)
need not match the NL surface forms (“bookbag”,
“shipping”), which is precisely why grounding can-
not be reduced to string matching.

In this paper, we propose GinSign, a frame-
work for Grounding Natural Language Into Sys-
tem Signatures for Temporal Logic. GinSign is
a drop-in grounding stage for existing NL-to-TL
pipelines: an upstream lifter infers the logical struc-
ture (temporal operators, boolean connectives) to
produce an abstract formula, and GinSign then
grounds each atomic proposition to the predicates
and typed constants of a given system signature,
turning that formula into an executable specifica-
tion. This modularity lets GinSign improve the
deployability of any lifting frontend without re-
training it. Two properties follow directly from
this design. First, because GinSign is a drop-in
stage, the lifting frontend can be replaced without
retraining the grounder, and grounding quality can
be measured independently of lifting quality. Sec-
ond, because grounding is posed as selection over

an enumerated signature rather than free-form gen-
eration, GinSign cannot emit an atom outside PS :
its out-of-signature (OOS) rate is 0% by construc-
tion, whereas prompted LLMs given the identical
signature emit OOS atoms on 44–96% of instances
(Table 3). This is a guarantee about the hypothesis
space, not an empirical finding. Our main contribu-
tions are as follows:

• We cast AP grounding as a multi-step classi-
fication problem: given a lifted AP and a sys-
tem signature (possibly with unseen classes),
classify the NL span into a predicate and its
typed arguments drawn from the signature.

• We solve this with a hierarchical framework
that first grounds the predicate, then its typed
arguments, using a single encoder-only model.
Rather than fixing a per-domain label space,
we enumerate the signature as an input prefix
and train the classifier jointly on both sub-
tasks, so the same weights transfer to unseen
predicates, arguments, and even domains by
swapping the prefix.

• GinSign attains ≥99% joint grounding accu-
racy across all seven domains (99.39±0.04
at worst over five seeds); composed with an
off-the-shelf lifter, it yields end-to-end specifi-
cations that track the oracle-grounding upper
bound and are executable on real traces, im-
proving grounded logical equivalence by 75%
over the strongest competing grounder.

The remainder of this paper is organized as fol-
lows. Section 2 formalizes NL-to-TL translation.
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Related work is surveyed in Section 3. Section 4
presents our grounding framework. Section 5 re-
ports our experimental evaluation. Section 6 con-
cludes this work with a discussion of limitations
and directions for future work.

2 Background

2.1 Linear Temporal Logic

The syntax of LTL is given by the following gram-
mar:

φ ::= π | ¬φ | φ1 ∧ φ2 | φ1 ∨ φ2 | φ1 ⇒ φ2

| ⃝φ | ♢φ | 2φ | φ1 U φ2

where each atomic proposition belongs to a known
set π ∈ P and Σ = 2P is the finite alphabet of
observations. LTL semantics are defined induc-
tively over infinite traces σ ∈ Σω; we give the
full definition, together with the Kripke structure
M = (S, S0, R,K) used for verification, in Ap-
pendix A.1. Because every AP in φ is interpreted
via the labeling function K : S → 2P , grounding
the APs is a prerequisite to model checking: the for-
mula becomes semantically testable only once its
APs are linked to concrete predicates over system
states (Hsiung et al., 2022).

2.2 System Signatures

Planners and automated systems are typically
grounded in a planning domain definition lan-
guage (Ghallab et al., 1998) or similar domain-
specific library (Zhang et al., 2024; Oswald et al.,
2024), which realize many-sorted logical systems.
This motivates using a many-sorted system sig-
nature S = ⟨T, P,C⟩ of type, predicate, and
constant symbols (Finkbeiner and Zarba, 2006)
as the formal vocabulary tying a grounded TL
specification to the structure it specifies. A pred-
icate p(t1, . . . , tk) of arity k binds typed con-
stant arguments into well-formed atoms such as
deliver(apple, loading_dock); we expand on
each component in Appendix A.1.

2.3 NL-to-TL Translation

Following prior work, NL-to-TL translation is di-
vided into three phases: lifting, translation, and
grounding, which we illustrate with “Eventually
pick up the package from room A.”

Lifting identifies which NL tokens refer
to atomic propositions via a function λ :
{1, . . . , |S|} → Z≥0 that maps each token of a

sequence S to 0 (not part of any AP, including op-
erators and connectives) or to n > 0 (the n-th AP).
Here, “pick up the package from room A” be-
comes a single placeholder, yielding “Eventually
prop1.”
Translation maps the lifted specification s to a TL
formula f : s → φ built from the AP set P and
the boolean and temporal operators (♢,2,⃝,U),
giving φ = ♢ prop1.
Grounding resolves each placeholder to a concrete
atom. For a lifted specification with ℓ placeholders,
grounding is the total function

gS : {prop1, . . . , propℓ} −→
{
p | p∈P

}
∪

{
p(c1, . . . , ck) | p∈P, k = arity(p), ci∈C

}
︸ ︷︷ ︸

PS

,

which assigns to every placeholder either (i) a
nullary predicate p∈P or (ii) a fully instantiated
atom p(c1, . . . , ck) whose arguments ci are
constants of the appropriate type. The image
PS is the grounded AP vocabulary permitted
by S. (A typed constant is an element c ∈ C; an
argument is its role in a specific atom.) For S =
⟨{room, object}, {pick_up(obj, room)}, {
roomA, package1}⟩, grounding resolves
prop1 7→ pick_up(package1, roomA), giv-
ing φ = ♢ pick_up(package1, roomA).

3 Related Work

Neural NL-to-TL methods either translate in one
shot via LLM prompting or decompose the task
into lifting, translation, and verification stages
(Table 1). We organize the discussion into four
clusters: NL-to-TL methods that omit grounding,
NL-to-TL methods that attempt it, and symbolic
grounding elsewhere in NLP.

Methods without grounding. NL2LTL (Fug-
gitti and Chakraborti, 2023) provides a few-
shot, template-based prompting package requir-
ing user-supplied LTL templates and examples.

Framework Lifting Translation Grounding

LLM-Baseline × ✓ ×
NL2LTL × ✓ ×
NL2TL ✓ ✓ ×
GraFT ✓ ✓ ×
Lang2LTL ✓ ✓ ✓
GinSign (ours) ✓ ✓ ✓

Table 1: Overview of each framework’s support for
lifting, grounding, and translation.
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NL2TL (Chen et al., 2023) decomposes transla-
tion into GPT-based lifting and seq2seq translation.
GraFT (English et al., 2025a) applies grammar-
constrained decoding to guarantee syntactically
valid outputs. These methods, however, produce
only lifted formulas whose APs are never grounded,
so their output cannot be verified on traces or state
machines.

Methods with grounding. Lang2LTL (Liu et al.,
2023) is the closest prior work that grounds APs,
separating LLM-based referring-expression recog-
nition from grounding by embedding similarity;
however, it presumes proposition embeddings from
a pre-built semantic map and does not extend to
arbitrary system signatures. Work on visual ground-
ing instead resolves perceptual references in scenes
(Qiao et al., 2020), rather than the formal sym-
bolic grounding we address. In contrast, GinSign
grounds APs against arbitrary system signatures
and, as we show, attains precise grounding across
diverse domains.

Symbolic grounding and entity linking. Map-
ping spans to entries in a fixed inventory is the core
of entity linking (De Cao et al., 2021), schema link-
ing in text-to-SQL (Lei et al., 2020), and semantic
parsing into executable programs (Krishnamurthy
et al., 2017); the signature plays the role of the
schema there. The distinguishing constraint is typ-
ing. Type-constrained decoding is not itself new
(Krishnamurthy et al., 2017), but predicate arity
and argument types induce a partition of the can-
didate set, which is what makes the hierarchical
decomposition of Section 4.1 sound rather than
merely convenient.

4 Methodology

In this section, we introduce GinSign, a ground-
ing module that augments any NL-to-TL lifting-
and-translation framework—such as LLM prompt-
ing, NL2TL (Chen et al., 2023), or GraFT (En-
glish et al., 2025a)—to produce grounded, model-
checkable specifications. GinSign accepts two in-
put components: a system signature, and a natu-
ral language specification. Following the standard
compositional decomposition into lifting, transla-
tion, and grounding, we treat lifting and translation
as provided by the upstream backbone and focus
on grounding the APs it produces into the state
space defined by the signature. The grounded APs
are then inserted into the temporal-logic formula
produced by the backbone’s translation stage.

The input to the grounding module is the NL
string associated with each extracted AP. The out-
put is the grounding of this NL string into the state
space defined using a system signature. The Gin-
Sign framework performs the grounding using a hi-
erarchical approach consisting of predicate ground-
ing and argument grounding. An overview of the
framework is shown in Figure 2 and the details are
provided in Section 4.1. Both of the grounding
steps are formulated as an abstract grounding task,
which we solve using a single encoder-only model.
The details are provided in Section 4.2.

4.1 Hierarchical Grounding

In this section, we first describe the hierarchical
grounding strategy of GinSign. Next, we provide
the details of the predicate grounding, the argument
grounding, and the grounding model.

Hierarchical strategy: We design a hierarchical
grounding strategy because of the logic dependency
between the predicates and arguments. Each predi-
cate has a fixed number of arguments with specified
type. The hierarchical decomposition can by de-
sign ensure that the correct number of arguments of
the right type are assigned to each predicate. The
two grounding steps are defined, as follows:

1. Predicate grounding: predicts a predicate
p ∈ P for each placeholder, reducing the ar-
gument search space to Ct = { c ∈ C |
type(c) = t} (Figure 2 (a)).

2. Argument grounding: dependent on p,
chooses concrete constant(s) from Ct and pro-
duces the final atom p(c1, . . . , ck), thereby
completing gS (Figure 2 (c)).

This hierarchy turns a single, large open-set de-
cision into two smaller problems. A flat clas-
sifier would implicitly consider on the order of∑

p∈P
∏arity(p)

r=1 |Cτr | labelings per instance (all
fully-instantiated atoms), which quickly becomes
intractable as |C| grows. In contrast, the first stage
selects among |P | predicates; the second stage
then solves at most k = arity(p) independent
choices, each over |Cτr | typed constants. Con-
cretely, the effective label budget per instance drops
from Θ

(∏
r |Cτr |

)
to Θ

(
|P | + ∑

r |Cτr |
)
, a dra-

matic reduction when |C| ≫ |P | and types par-
tition C evenly. Moreover, type filtering elimi-
nates invalid atoms by construction, ensuring any
predicted p(c1, . . . , ck) lies in PS . Coupled with
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Figure 2: An overview of our grounding components. Given n lifted NP APs, we convert the system signature into
a prefix using Algorithm 1. The lifted NL is first combined with the predicates prefix to ground the predicate to a
known action (a). Since each predicate requires an argument, we filter out non-candidate arguments by type (b).
We then combine the lifted NL with the arguments prefix to classify the correct argument (c). Both predicate and
argument grounding use the same token classification encoder model, which processes any prefix and lifted NL.

windowed classification (Section 4.2), each sub-
decision operates over at most m candidates at a
time, further improving sample efficiency and cali-
bration while preserving exact compatibility with
the evaluation-time tournament.

Predicate Grounding: In Section 2, we framed
grounding as an NL classification task. To ground
an input specification, the classifier must treat ev-
ery symbol in the signature as a potential label.
Rather than allocating a fixed soft-max head with
one output neuron per symbol as typical token-
classification pipelines would, we prepend a rigid
pseudo-natural prefix that enumerates the target
signature and let the encoder attend over it. The
encoder backbone, therefore, learns the abstract
skill of scoring span–prefix alignments instead of
memorizing a static label inventory. This process
is seen in Figure 2 (a) where the input is lifted
APs and the system signature predicates. Crucially,
the class set is no longer baked into the model
parameters: supplying a different prefix instantly
defines a new label universe, so the same fine-tuned
weights can be reused across domains with disjoint
signatures. We later show (Table 6) that this de-
sign yields promising out-of-distribution accuracy
on unseen signature elements within a domain by
simply swapping prefixes, demonstrating that the
model has internalized grounding as a transferable
reasoning operation rather than rote classification.

Filtering: After predicate grounding, we know
which predicate(s) are present in the segment. Us-

ing this information, we query the system signature
for the arity of the predicate (i.e., the type and num-
ber of required arguments). This knowledge filters
the search space for argument grounding to the
subset of arguments compatible with the predicted
predicate’s types. We show the transition of infor-
mation between predicate and argument grounding
in Figure 2 (b), where predicate information from
the system signature is used to map lifted APs to
the known possible arguments.

Argument Grounding: Argument grounding
is then framed as the further classification of typed
natural language spans into specific domain argu-
ments. Each argument is resolved independently
against its type-filtered candidate set L(r)

c by the
same encoder backbone as before, simply with a
different prefix, as seen in Figure 2 (c). Thus, the
final output always contains the correct number
of arguments, with no need for an additional con-
straint or stopping criterion.

4.2 Grounding Model

We operationalize gS as a classifier over an input-
defined label set. For each lifted placeholder
propi, the model receives (i) the local NL con-
text corresponding to the lifted AP and (ii) a pre-
fix that enumerates the relevant candidates from
S = ⟨T, P,C⟩ up to length maximum input length
m. The model points to one element of the pre-
fix; because the prefix is constructed from S at
input time, the label universe is domain-agnostic
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and requires no change to the classifier head across
domains.

Prefix construction. Let enum(·) produce a
fixed-order list of symbols as a token sequence.
For predicate grounding, the candidate list is
Lp = enum(P ). For argument grounding, once
a predicate p̂∈P with arity a and type signature
(τ1, . . . , τa) ∈ T a is predicted, the r-th argument
uses the type-filtered set,

L(r)
c = enum

(
{ c ∈ C | type(c) = τr }

)
.

We serialize the input as a pair (xAP, xprefix), where
xprefix is the tokenization of L (either Lp or L(r)

c ).
Our exact implementation of this process is given
in Appendix A.6, in Algorithm 1. When N > m,
we perform prefix sharding and apply a two-stage
tournament procedure. First, the model classifies
within each shard Wj . The winning candidate from
each shard is then re-assembled into a new prefix
list, and the procedure repeats until a single ele-
ment remains. This ensures scalability to arbitrar-
ily long prefixes while keeping each classification
head fixed in size.

Classification. Let N denote the number of can-
didate symbols under consideration for a single
grounding decision: N = |P | for predicate ground-
ing and N = |Cτr | for the r-th argument. Let m
denote the maximum number of candidates enu-
merated in a single prefix (the shard size); m is a
fixed hyperparameter and is unrelated to predicate
arity k. Let L =[ℓ1, . . . , ℓN ] be the candidate list
for the current decision. We fix a shard size m and
partition L into contiguous windows

Wj = [ ℓ(j−1)m+1, . . . , ℓmin(jm,N) ]

j = 1, . . . , ⌈N/m⌉.
The model hθ maps a pair and a window to a dis-
crete index in {1, . . . , |Wj |}:

hθ : (xAP, Wj) 7→ ŷ ∈ {1, . . . , |Wj |}.
For short lists (N≤m), we pad L to length m with
a <pad> token and classify once.

Training objective. For each training instance
with gold label ℓ⋆ ∈L, we construct one or more
gold-in shards Wj such that ℓ⋆ ∈ Wj (contigu-
ous windows). The supervision is a single-label
CrossEntropy over the shard positions; when mul-
tiple gold-in shards exist for a single instance, the
loss is averaged over all such shards:

LCE(θ) =
1

|J ⋆|
∑

j∈J ⋆

[
− log pθ

(
y = index(ℓ⋆∈Wj)

∣∣ xAP,Wj

)]
,

where J ⋆ = {j | ℓ⋆ ∈ Wj} is the set of shard
indices containing the gold label. Further imple-
mentation details can be found in Appendix A.10.
Relevant code is available in the supplementary
material and will be made publicly available upon
acceptance.

5 Experiments

In this section, we present the results of our experi-
ments and evaluations of our grounding framework,
as well as its impact on end-to-end translation. This
section is organized as follows. Section 5.1 dis-
cusses training and evaluation corpora information.
The results of our isolated grounding evaluation
are presented in Section 5.2, end-to-end translation
results in Section 5.3, and leakage and bias controls
in Section 5.5.

5.1 Datasets and Metrics

Datasets We evaluate on seven domains span-
ning two benchmark families. From VLTL-Bench
(English et al., 2025b) we use the three grounded
domains; Search and Rescue, Traffic Light, and
Warehouse, each providing natural language spec-
ifications with fully grounded LTL formulas over
an explicit system signature. Table 11 in Ap-
pendix A.7 reports the size of each domain signa-
ture: its number of types, predicates, and constant
arguments. We additionally evaluate on four prior-
work datasets: Navigation (Wang et al., 2021),
Cleanup World (MacGlashan et al., 2015), GLTL
(Gopalan et al., 2018), and Conformal (Wang
et al., 2025). While these datasets were origi-
nally released without system signatures, we con-
struct signatures for each by extracting the pred-
icate–argument structure from the ground-truth
grounded formulas, enabling grounded evaluation
on all seven domains.

Metrics For the isolated grounding evaluation
(Table 2), we report per-AP joint accuracy: the
fraction of atomic propositions for which the pre-
dicted predicate and all arguments exactly match
the ground truth. For the end-to-end evaluation (Ta-
ble 4), we report GLE (Grounded Logical Equiv-
alence). A prediction is GLE-correct when (i) its
masked temporal structure matches the ground-
truth lifted formula, and (ii) every atomic proposi-
tion is correctly grounded in the system signature.
Condition (i) depends only on the lifting and trans-
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Table 2: Isolated grounding evaluation. We report per-AP joint accuracy (%): the fraction of atomic propositions
whose predicate and all arguments are predicted correctly, when each method is given the ground-truth lifted
APs and the system signature. Best per column in bold; the prompt used by all LLMs is given in Appendix A.9.
Prompted-LLM figures are single-run at temperature 0, with unparseable predictions excluded from the denominator
(rates in Table 8); GinSign seed variance is reported in Section 5.2.

Grounder TL S&R WH CW CF GLTL Navi

GPT-4o 83.4 94.3 44.6 4.6 72.8 13.2 94.6
GPT-oss-120B 98.8 97.9 72.0 13.2 55.4 15.6 93.2
Claude Sonnet 63.7 87.7 44.9 71.0 73.6 89.7 92.4
Lang2LTL 85.0 88.5 75.5 100.0 97.8 100.0 72.3
GinSign (ours) 100.0 100.0 99.3 100.0 100.0 100.0 99.0

Table 3: Out-of-signature (OOS) rate (%): predictions
containing a symbol absent from the provided signa-
ture, over the parseable predictions scored in Table 2
(unparseable rates in Table 8).

Grounder TL S&R WH CW CF GLTL Navi

GPT-4o 0.0 1.6 53.9 95.4 2.0 86.3 1.6
GPT-oss-120B 0.1 1.9 17.7 86.5 22.4 84.2 2.6
Claude Sonnet 0.0 1.9 52.8 28.3 0.0 9.5 2.3
GPT-4o (k=5) 0.6 0.0 5.0 0.4 0.4 0.1 78.9
T5-base (fine-tuned) 0.0 0.0 0.0 – 0.0 – –
Lang2LTL 0.0 0.0 0.0 0.0 0.0 0.0 0.0

GinSign (ours) 0.0 0.0 0.0 0.0 0.0 0.0 0.0

lation method (and corresponds to the Upper Bound
row in Table 4); condition (ii) isolates the ground-
ing method’s contribution. We evaluate grounding
correctness by comparing predicted (predicate, ar-
guments) tuples against the ground truth, which
avoids dependence on domain-specific formula no-
tation conventions.

5.2 Grounding Evaluation

We evaluate grounding in isolation: each method
receives the ground-truth lifted APs and system sig-
nature and must predict the correct predicate and all
arguments for every atomic proposition. We report
per-AP joint accuracy (predicate and all arguments
exactly correct) across all seven domains.

LLM Prompting. Table 2 reports joint ground-
ing accuracy for every baseline; the first block
is zero-shot prompting and retrieval, the second
the trained and few-shot baselines discussed be-
low. Zero-shot, frontier LLMs ground reliably on
the VLTL-Bench domains—the strongest, GPT-oss-
120B, reaches 98.8% on Traffic Light and 97.9% on
Search & Rescue—but the GPT grounders collapse
on the prior-work domains: GPT-oss-120B falls to
13.2% (Cleanup World) and 15.6% (GLTL), and
GPT-4o to just 4.6% (Cleanup World). Claude Son-
net is more robust on these (71.0% and 89.7%) yet

weakest on the VLTL-Bench domains, so no single
LLM grounds reliably across the board. Warehouse
is hard for every zero-shot LLM (44–72%). The
failure mode is consistent: despite being given the
signature, the models hallucinate predicate names
from the input text (e.g., “move_to”, “enter”) in-
stead of selecting from it—precisely the error that
GinSign ’s signature-restricted classification rules
out by construction.

Lang2LTL. Embedding-based cosine similar-
ity performs reliably when the signature is small:
Lang2LTL achieves 100% on Cleanup World and
GLTL, where the enumeration of all grounded
atoms is compact enough for nearest-neighbor re-
trieval to be unambiguous. On domains with larger
argument spaces, however, performance drops
from 75.5% on Warehouse and 72.3% on Navi,
as lexically similar constants become difficult to
disambiguate by embedding distance alone.

Fine-tuned and few-shot baselines. We add
two trained points of comparison: a fine-tuned
t5-base grounder trained on the same data as Gin-
Sign with the signature serialized into its input, and
GPT-4o prompted with k=5 in-domain exemplars.
Both close most of the gap (Table 2): T5-base
matches GinSign on the four domains we ran it on,
so we find no accuracy advantage over a grounder
trained on the same supervision and scope the accu-
racy comparisons to prompted LLMs and retrieval.
What separates GinSign from t5-base is that its
in-signature guarantee holds by construction rather
than empirically (Table 3), at 124M parameters
against 223M.

Out-of-signature rate. Table 3 reports the frac-
tion of predictions containing a symbol absent from
the provided signature. Prompted LLMs reach 54–
95% on the domains where they fail, despite receiv-
ing the signature verbatim in-context; GinSign is
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Table 4: Grounded Logical Equivalence (GLE, %) across lifted translation frameworks and grounding methods.
GLE requires that the predicted formula is both structurally correct and that every atomic proposition is correctly
grounded in the system signature. Upper Bound uses ground-truth AP instances.

Lift + Translate Grounding TL S&R WH CW CF GLTL Navi

LLM Prompting

GPT-4o 29.0 44.4 10.4 0.0 4.8 0.0 1.6
GPT-oss-120B 42.2 45.8 21.5 0.2 4.3 0.0 2.3
Claude Sonnet 16.3 38.3 9.5 5.0 5.3 10.1 2.1
Lang2LTL 31.3 38.1 24.6 23.0 4.8 10.7 1.1
GinSign (ours) 43.0 48.1 42.7 23.0 5.3 10.7 2.3
Upper Bound 43.0 48.1 42.9 23.0 5.3 10.7 2.8

NL2TL

GPT-4o 56.2 66.2 11.6 1.0 11.0 2.0 55.2
GPT-oss-120B 77.4 73.0 33.8 5.8 9.0 6.2 76.4
Claude Sonnet 34.4 58.2 11.8 30.0 13.7 34.4 73.8
Lang2LTL 56.8 57.6 35.8 35.4 21.3 37.6 42.4
GinSign (ours) 79.6 73.6 65.6 35.4 23.3 37.6 85.8
Upper Bound 79.6 73.6 66.6 35.4 23.3 37.6 87.2

GraFT

GPT-4o 71.0 90.0 22.6 2.0 24.7 4.4 61.6
GPT-oss-120B 97.6 96.2 53.8 9.8 21.0 10.8 85.0
Claude Sonnet 44.6 79.4 23.2 59.8 30.7 84.4 82.2
Lang2LTL 71.4 77.8 56.2 99.8 57.0 99.6 48.6
GinSign (ours) 100.0 100.0 98.6 99.8 62.3 99.6 95.0
Upper Bound 100.0 100.0 100.0 99.8 62.3 99.6 97.0

0% by construction, since its output is an index into
the enumerated candidate list. Few-shot prompting
removes the failure on six domains but induces it
on Navi (78.9%), where GPT-4o copies the exem-
plar’s surface verb yet still scores well, because
Navi’s accuracy is scored against a cluster map
over 102 paraphrastic verbs. This is a deployability
claim, not an accuracy claim: an in-signature pre-
diction can still be wrong, but an out-of-signature
atom cannot be model-checked at all.

GinSign. Our method achieves ≥99% joint ac-
curacy across all seven domains (99.39±0.04 worst
case over five seeds). The hierarchical decompo-
sition eliminates the failure modes of both LLM
prompting (predicate hallucination) and embedding
similarity (argument confusion in large constant
sets). Because the predicate prefix redefines the
label space at inference time, the same model gen-
eralizes across domains with no retraining, pro-
ducing the consistent performance visible in the
prior-work columns.

5.3 End-to-End Translation Evaluation

We run a full factorial over lift+translate back-
bones and grounding modules. Three backbones—
LLM prompting, NL2TL (Chen et al., 2023), and

GraFT (English et al., 2025a)—are paired with
five grounders: three LLM-prompting grounders
(GPT-4o, GPT-oss-120B, Claude Sonnet), the
embedding-similarity grounder of Lang2LTL (Liu
et al., 2023), and our GinSign grounder. Each
pair is scored end-to-end across seven domains
(Table 4) under Grounded Logical Equivalence
(GLE), which requires both correct temporal/lifted-
AP structure and correct grounding of every AP,
yielding a model-checkable output. GinSign addi-
tionally receives the system signature, which de-
fines the target state space and is a prerequisite
for grounded output. Per backbone we report an
oracle-grounding Upper Bound: the GLE ceiling
fixed by the backbone’s lifted-formula accuracy.

GinSign tracks this ceiling almost exactly. Under
GraFT it equals the bound in five of seven domains
and lands within two points in the rest (WH 98.6 vs.
100.0; Navi 95.0 vs. 97.0), with the same saturation
under NL2TL and LLM prompting. It is the best or
tied-best grounder in all 3×7 cells, with the largest
margins in lexically diverse domains—on Ware-
house under GraFT it reaches 98.6 versus 56.2 for
the next best (Lang2LTL), a 75% gain. Where em-
bedding similarity already saturates (CW, GLTL),
GinSign simply matches it, while LLM-prompting
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Table 5: Leave-one-out grounding evaluation: joint ac-
curacy (%) on the held-out domain, training on the rest
of its family. Single run per domain.

Held-out Joint Held-out Joint

Cleanup World 100.0 Traffic Light 38.6
GLTL 100.0 Warehouse 36.3
Search & Rescue 78.8 Navi 33.5
Conformal 24.3

grounders are erratic (e.g., GPT-oss-120B drops
to 9.8 on CW). Grounding is therefore no longer
the end-to-end bottleneck: residual GLE error is
dominated by the backbone’s lifting and transla-
tion (the within-grounding bottleneck of argument
selection remains; see Limitations). Pairing Gin-
Sign with the strongest backbone yields the best
specifications overall.

5.4 Grounding Ablation
We probe generalization with a leave-one-out study
(Table 5): for each domain we train on the rest of its
family with full signatures and evaluate on the held-
out domain, so every score is strictly out-of-domain.
Transfer is strong where the held-out vocabulary
overlaps structurally with training (Cleanup World
and GLTL at 100.0, Search & Rescue at 78.8)
but weak where it is lexically and structurally dis-
tinct (Conformal 24.3, Navi 33.5, Warehouse 36.3).
Cross-domain transfer to genuinely novel vocabu-
laries thus remains an open challenge.

Held-out signature elements. We further test
whether the jointly-trained design generalizes to
signature elements unseen during training. Within
each domain we hold out a subset of predicates and
arguments (Appendix A.8) for evaluation, compar-
ing our single joint model against models trained
on only predicate or only argument grounding (Ta-
ble 6). The joint model matches or exceeds the
specialized models on every domain and metric:
predicate accuracy on Traffic Light improves from
75.0 to 83.1, and argument F1 on Search & Res-
cue from 88.4 to 96.2, showing that sharing one
encoder across both subtasks costs no accuracy.

5.5 Leakage and Bias Controls
Two controls target plausible confounds (details
in Appendix A.5). Retraining on template- and
surface-disjoint re-splits of WH and TL changes
joint accuracy by at most 1.7 points, and inflating
each signature with 50 distractor constants per sort
costs GinSign at most 0.7 points while zero-shot

Table 6: Intra-domain held-out generalization. Pred-
icate and argument grounding accuracy (Acc) and F1

(%) on signature elements held out from training (Ap-
pendix A.8), comparing our single model (Joint) against
paired task-specialized models (Pred-Only, Arg-Only).

Traffic Light Search & Rescue Warehouse

Model Task Acc F1 Acc F1 Acc F1

Pred Only Predicate 75.0 69.7 92.7 83.9 83.9 71.6
Joint Predicate 83.1 80.3 92.7 85.5 85.1 73.0

Arg Only Argument 99.1 94.7 97.0 88.4 93.2 62.6
Joint Argument 99.9 99.5 99.1 96.2 94.2 66.7

GPT-4o falls by up to 29.9: neither memorization
nor small candidate sets explains this.

Error Analyses Here we discuss the most preva-
lent failure modes that arose during our evalua-
tions. Firstly, we observe the significantly lower
performance exhibited by almost all grounding ap-
proaches on the Warehouse domain. In the argu-
ment grounding evaluation, the mean F1 across all
approaches is 63.8%, compared to a mean F1 of
over 90% over the Traffic Light and Search and
Rescue domains. We found that the diverse natural-
language references to the item arguments make
them difficult to ground, leading to frequent er-
rors. Additionally, the LLM-based approaches of-
ten failed to identify correct constants on the signa-
ture given in the input. This difficulty motivated our
development of the hierarchical filtering approach,
described in Section 4.1.

6 Conclusion

We introduced GinSign, a modular grounding stage
that anchors every atomic proposition to a sys-
tem signature and, composed with any lifting-and-
translation backbone, yields end-to-end grounded
NL-to-TL translation. Casting grounding as
an open-set, hierarchical span-classification task
cleanly separates syntactic translation from seman-
tic anchoring, and adding the signature prefix essen-
tially solves both predicate and argument ground-
ing, matching or exceeding far larger prompted lan-
guage models. Crucially, explicit grounding makes
specifications model-checkable, exposing semantic
errors that string-based metrics miss and pushing
NL-to-TL translation from plausible output toward
verifiable specifications.

Limitations

GinSign was tested only on VLTL-Bench, whose
signatures may not reflect larger or evolving sys-
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tems. The framework handles propositional LTL;
extending it to metric or first-order variants will re-
quire grounding for numbers, time bounds, and
quantifiers. Within the grounding stage itself,
typed-constant selection—not predicate selection—
remains the harder subtask, especially when con-
stant names are lexically ambiguous; this is a resid-
ual limitation of GinSign even though grounding
is no longer what limits end-to-end accuracy (Sec-
tion 5.3). The method also assumes the signature
is fixed at inference.

Ethical Considerations

This paper presents work whose goal is to advance
the field of Machine Learning, specifically in the
area of formal verification and autonomous sys-
tems. The ability to automatically translate nat-
ural language specifications into temporal logic
has potential societal benefits in making formal
verification more accessible and enabling safer au-
tonomous systems. There are many potential soci-
etal consequences of our work, none which we feel
must be specifically highlighted here.
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A Appendix

A.1 Extended Preliminaries

This section provides the expanded preliminaries
condensed in Section 2.

LTL semantics. Recall the LTL syntax intro-
duced in Section 2, where each atomic proposi-
tion belongs to a set of known symbols π ∈ P
and Σ = 2P is the finite alphabet of observations.
The semantics of LTL are defined inductively over
infinite traces σ = σ0σ1σ2 · · · ∈ Σω. We write
σ, i |= φ to denote that φ holds at position i of σ:

σ, i |= π iff π ∈ σi

σ, i |= ¬φ iff σ, i ̸|= φ

σ, i |= φ1 ∧ φ2 iff σ, i |= φ1 and σ, i |= φ2

σ, i |= ⃝φ iff σ, i+1 |= φ

σ, i |= φ1 U φ2 iff ∃ j ≥ i. σ, j |= φ2

and ∀ i ≤ k < j. σ, k |= φ1

The derived operators are ♢φ ≡ true U φ and
2φ ≡ ¬♢¬φ. A trace σ satisfies φ, written
σ |= φ, iff σ, 0 |= φ, and the language of φ is
JφK = {σ ∈ Σω | σ |= φ}. To verify a real system
against an LTL requirement, one typically models
the implementation as a finite-state Kripke struc-
ture M = (S, S0, R,K), where S is the state set,
S0 ⊆ S the initial states, R ⊆ S × S the total
transition relation, and K : S → 2P the labeling
function. Because every atomic proposition in φ
is interpreted via K, the syntactic formula only be-
comes semantically testable once its APs are linked
to concrete predicates over system states (Hsiung
et al., 2022).

System signatures. Each component of S =
⟨T, P,C⟩ plays a distinct but interconnected role.
Types t ∈ T act as categories that restrict
how constants and predicates may be combined—
for example, distinguishing between arguments
of type location, agent, or item. Constants
c ∈ C are the specific instances of these types,
such as a particular location like loading_dock,
or a particular item like apple. Predicates
p ∈ P then specify relations or properties de-
fined over typed arguments: p(t1, . . . , tk) re-
quires arguments drawn from the correspond-
ing type sets, yielding well-typed atoms like
deliver(apple, loading_dock). Thus, the con-
nection between types, constants, and predicates
informs the structure of possible grounding targets:

constants instantiate types, and predicates bind
these constants together into statements about the
world. System signatures describe all of the non-
logical terminals in a formal language (Finkbeiner
and Zarba, 2006).

A.2 Notation
To improve readability and clarity, we summarize
the main symbols and notation used throughout the
paper.

Languages, traces, and temporal logic.

• Σ : finite alphabet of observations (e.g., sets of
atomic propositions that hold at a time step).

• Σω : set of infinite traces over Σ (infinite se-
quences of observations).

• φ : LTL formulas.

• π ∈ P : atomic proposition symbol.

• P : (lifted) atomic proposition vocabulary
used in LTL formulas.

• ⃝,♢,2,U : “next”, “eventually”, “always”,
and “until” temporal operators, respectively.

• M = (S, S0, R,K) : Kripke structure model-
ing the implementation, where S is the set of
states, S0 ⊆ S the initial states, R ⊆ S × S
the transition relation, and K : S → 2P the
labeling function.

• JφK ⊆ Σω : set of traces that satisfy the LTL
formula φ.

System signatures and grounded atoms.

• S = ⟨T, P,C⟩ : many-sorted system signa-
ture.

• T : finite set of type symbols (e.g., location,
agent, item).

• P : finite set of predicate symbols.

• C : finite set of constant symbols.

• τ1, . . . , τm ∈ T : types in the type signature
of a predicate.

• p ∈ P : predicate symbol with arity k =
arity(p) and type signature (τ1, . . . , τk) ∈
T k. Note k (arity) is distinct from m (shard
size).
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• c ∈ C : constant symbol; we also refer to
constants as arguments.

• type(c) ∈ T : type of constant c.

• p(c1, . . . , ck) : grounded atomic proposition
obtained by instantiating p with typed con-
stants ci ∈ C of appropriate types.

• PS : grounded atomic-proposition vocabulary
induced by S,

PS =
{
p | p ∈ P

}
∪
{
p(c1, . . . , ck) |

p ∈ P, ci ∈ C
}
.

NL-to-TL translation and grounding.

• s : natural-language (NL) specification.

• S : token sequence of an NL specification.

• f : s → φ : NL-to-TL translation function.

• λ : S → Z≥0 : lifting function that maps each
token to 0 (non-AP) or to an AP index.

• propi : i-th lifted AP appearing in the lifted
NL or LTL (e.g., prop_1).

• k : number of lifted AP placeholders in a
specification.

• gS : grounding function

gS : {prop1, . . . , propk} → PS ,

which maps each lifted placeholder to a
grounded atom in PS .

Grounding model and prefix-based classifica-
tion.

• xAP : NL span corresponding to a lifted
atomic proposition (local AP context).

• xprefix : tokenized prefix enumerating candi-
date symbols from the signature.

• L = [ℓ1, . . . , ℓN ] : ordered list of candidate
labels (predicates or type-filtered constants).

• N : number of candidates in L.

• Lp = enum(P ) : enumerated predicate can-
didate list.

• L
(r)
c = enum

(
{c ∈ C | type(c) = τr}

)

: candidate list for the r-th argument of a
predicate, filtered by type.

• m : maximum prefix window (shard) size
used by the classifier.

• Wj : j-th shard (window) of L,

Wj = [ℓ(j−1)m+1, . . . , ℓmin(jm,N)]

j = 1, . . . , ⌈N/m⌉.

• hθ : BERT-based grounding model that
maps (xAP,Wj) to a discrete index ŷ ∈
{1, . . . , |Wj |}.

• ℓ⋆ : gold (correct) label in L for a given train-
ing instance.

• LCE(θ) : cross-entropy loss over shard posi-
tions,

LCE(θ) = − log pθ
(
y = index(ℓ⋆ ∈ Wj) |

xAP,Wj

)
.

• R : number of tournament rounds when N >
m; scales as R = O(logmN) in our analysis.

A.3 Computation Scaling Comparison

In this section, we compare the cost scaling behav-
ior of GinSign to a generative LLM that grounds by
conditioning on an enumerated domain signature in
the prompt. Let N denote the number of candidate
symbols (predicates or type-filtered constants) that
must be considered for a single grounding decision.

A prompt-based generative LLM must serial-
ize all N candidates into a single input sequence.
Because transformer self-attention scales quadrati-
cally with sequence length, the incremental cost of
including N candidates in the prompt is at least

O(N2),

ignoring constant context terms. Thus, increasing
the size of the domain signature directly incurs a
quadratic increase in compute and memory.

By contrast, GinSign uses a BERT encoder that
never attends over more than a fixed window of m
prefix tokens at a time. When N > m, we shard
the prefix into windows Wj of size at most m and
perform a tournament reduction. In each round, the
N candidates are partitioned into ⌈N/m⌉ shards,
all of which are processed in a single batched BERT
forward pass. The per-round sequence length is
therefore bounded by O(m), and the per-round
cost is O(N) (with m treated as a constant factor).
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Each round reduces the candidate set by a factor
of approximately m, so the number of rounds is

R = O(logmN) .

Consequently, the overall token-level complexity
of GinSign for a fixed shard size m is

O(N logmN) = O(N logN)

that is, near-linear in the size of the domain sig-
nature and requiring only a logarithmic number of
fixed-length BERT passes. In contrast, a genera-
tive LLM must process a single, increasingly long
prompt whose self-attention cost grows quadrat-
ically in N , making GinSign substantially more
scalable for large signatures.

A.4 Empirical Runtime
We measure wall-clock grounding latency per
atomic proposition on the Warehouse test set. Gin-
Sign runs on a single NVIDIA GeForce RTX 4070
Ti SUPER, timed over one pass of the full evalua-
tion set after a warm-up pass; we report batch size
1 and batch size 16. API-based grounders are mea-
sured end-to-end over 20 items including network
latency and without response caching, and their per-
AP figure divides the per-call latency by the 2.25
atomic propositions each call grounds on average.
API latency is high-variance and depends on ser-
vice load at the time of measurement, so these fig-
ures should be read as an order-of-magnitude com-
parison rather than a precise ratio. Table 7 reports
the result: GinSign grounds an AP in 3.2ms against
roughly 0.5–0.9 s for the API-based grounders, a
150–300× speedup on commodity hardware. La-
tency also grows near-linearly in signature size,
as the analysis above predicts: holding the shard
size at m=80 and inflating the Warehouse con-
stant set from N=82 to 556, per-AP latency rises
3.2 → 25.0ms (at N = 82, 162, 242, 402, 556:
3.2, 6.5, 10.2, 17.6, 25.0ms), and on Traffic Light
from 12.1ms at N=175 to 21.2ms at N=556.

A.5 Leakage and Bias Controls
This section gives the construction details and per-
domain results summarized in Section 5.5.

Template- and surface-disjoint re-splits.
VLTL-Bench specifications are generated from
templates, so a random split can place paraphrases
of the same template on both sides. For the two
domains with the lowest surface-pair overlap be-
tween train and test — Warehouse (78.3%) and

Traffic Light (74.2%), the domains where memo-
rization would be easiest to mistake for grounding
— we re-split twice and retrain from scratch on
each: once so that no lifted-LTL skeleton appears
in both train and test, and once, more strictly, so
that no atomic-proposition surface form in test was
ever seen in training. Joint accuracy is unchanged
under the template-disjoint re-split and falls by at
most 1.7 points under the surface-disjoint one (Ta-
ble 9), even though every surface-disjoint predic-
tion requires composing a paraphrase-to-canonical
mapping the model has not seen.

Distractor-inflated signatures. We add 50 dis-
tractor constants to every sort, drawn from the
signatures of the other six domains, holding the
predicates and gold labels unchanged: Warehouse
grows from 82 to 182 constants, Traffic Light
from 175 to 375, and Search & Rescue from 44
to 144. GinSign selects a distractor on 1.2% of
predictions (Table 10). Zero-shot GPT-4o degrades
where it was strongest (−29.9 on Search & Res-
cue, −12.7 on Traffic Light); its Warehouse score
rises (44.6 → 55.7), but only because 22.1%
of its predictions under the inflated signature are
unparseable and excluded from its denominator,
against 0% in the original condition. This study is
the empirical counterpart to the near-linear scaling
analysis of Appendix A.4.

Distractors are not synthetic strings. Each is a
real typed constant drawn from the signature of one
of the other six domains, sampled without replace-
ment from the pooled donor vocabulary (seed 42)
and assigned to a sort of the target signature, exclud-
ing any symbol already present in that signature so
that no distractor collides with a gold constant or
lands in two sorts. They are therefore well-formed,
domain-plausible identifiers of the same lexical
register as the gold constants — Warehouse’s con-
stant set, for example, is padded with object and
location names from Cleanup World and Navi —
rather than noise a grounder could reject on surface
form alone. They are not, however, adversarially
selected near-neighbours of specific gold constants;
a harder control would mine minimal-edit-distance
or minimal-embedding-distance confusables per
gold constant, and we report this study as a scala-
bility control rather than a worst-case one. Under
the inflated signatures GinSign selects a distractor
on 1.2% of predictions. We additionally verify that
the result is not an artifact of prefix ordering or
completeness: shuffling the enumerated candidate
order and ablating the prefix to a random 30% or
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Table 7: Mean grounding latency per atomic proposition on the Warehouse test set (N=82 candidate constants).
Speedup is relative to GPT-4o. Lower is better. GPT-oss-120B and Claude Sonnet are not listed: their grounding
runs were served under different conditions and we did not time them comparably.

Grounder Params Latency / AP Speedup

GPT-4o (API) undisclosed 931ms 1×
Lang2LTL (text-embedding-3-large) API 544ms 1.7×
GinSign (ours), batch 1 124M 6.4ms 145×
GinSign (ours), batch 16 124M 3.2ms 291×

Table 8: Unparseable-prediction rate (%): atomic propositions for which the method returned no parseable prediction.
These are excluded from the accuracy denominator of Table 2 and the OOS denominator of Table 3, so a low OOS
rate paired with a high unparseable rate reflects abstention, not reliability. T5-base, Lang2LTL, and GinSign always
produce parseable output.

Grounder TL S&R WH CW CF GLTL Navi

GPT-4o 0.0 0.0 0.0 50.5 37.2 61.8 30.2
GPT-oss-120B 0.0 0.0 1.1 7.2 36.0 18.5 0.8
Claude Sonnet 0.0 0.0 0.0 2.1 18.2 0.9 0.8
GPT-4o (k=5) 2.6 0.0 0.0 0.5 6.2 0.7 0.0

50% of the signature both leave joint accuracy at
99.1–100.0 across all seven domains.

A.6 System Signature Prefix

Algorithm 1 Prefix Generation Algorithm with
Optional Type

1: Input: Signature S = ⟨T, P,C⟩, optional pa-
rameter type

2: Initialize prefix as empty list
3: if type is not provided then
4: for each predicate p ∈ P do
5: prefix.append(p)
6: end for
7: else
8: for each constant c ∈ C do
9: if type(c) = type then

10: prefix.append(c)
11: end if
12: end for
13: end if
14: Output: prefix

A.7 System Signatures

In this section, we provide the entire system sig-
natures of each domain in VLTL-Bench (English
et al., 2025b). Search and Rescue

Types:

• Person: injured_civilian,
injured_hostile, injured_person,
injured_rescuer, injured_victim,

safe_civilian, safe_hostile,
safe_person, safe_rescuer,
safe_victim, unsafe_civilian,
unsafe_person, unsafe_rescuer,
unsafe_victim

• Hazard: debris, fire_source,
flood, gas_leak, unstable_beam,
active_debris, active_fire_source,
active_flood, active_gas_leak,
active_unstable_beam,
inactive_debris,
inactive_fire_source,
inactive_flood, inactive_gas_leak,
inactive_unstable_beam,
impending_debris,
impending_fire_source,
impending_flood, impending_gas_leak,
impending_unstable_beam,
probable_debris,
probable_fire_source,
probable_flood, probable_gas_leak,
probable_unstable_beam,
nearest_debris, nearest_fire_source,
nearest_flood, nearest_gas_leak,
nearest_unstable_beam

Predicates:

• avoid(Hazard)

• communicate(Person)

• deliver_aid(Person)
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Table 9: Joint accuracy (%) under template-disjoint and surface-disjoint re-splits, against the original random split,
retraining from scratch on each split. ∆ is the largest drop from the random split. We re-split the two domains with
the lowest train/test surface-pair overlap; the remaining five domains have ≥ 98.9% overlap by construction, so a
disjoint re-split of them would leave too few test items to be informative.

Domain Surface-pair ovl. Random Template-disj. Surface-disj.

Traffic Light 74.2% 100.0 100.0 100.0
Warehouse 78.3% 99.4 99.3 97.7

∆ (max) — — −0.1 −1.7

Table 10: Joint accuracy (%) under distractor-inflated signatures (+50 constants per sort). Gold labels and predicates
are unchanged; only the constant candidate set grows. Lang2LTL is omitted: we did not re-run its retrieval index
under the inflated signatures.

Grounder Domain Original +50/sort ∆

GPT-4o (zero-shot) Traffic Light 83.4 70.7 −12.7
Search & Rescue 94.3 64.4 −29.9
Warehouse 44.6 55.7 +11.1

GinSign (ours) Traffic Light 100.0 100.0 0.0
Search & Rescue 100.0 99.3 −0.7
Warehouse 99.4 99.4 0.0

Table 11: Size of each domain signature: the number
of types (|T |), predicates (|P |), and constant arguments
(|C|).

Domain (S) Types |T | Predicates |P | Arguments |C|
Search and Rescue 2 7 44
Traffic Light 5 4 175
Warehouse 2 5 82

• get_help(Person)

• go_home()

• photo(Hazard)

• record(Hazard)

Traffic Light
Types:

• Light: light_north, light_south,
light_east, light_west

• Color: red, yellow, green

• Road: (all enumerated roads, e.g.,
east_1st_avenue, east_1st_street,
. . . , west_10th_street)

• Vehicle: vehicle, car, bus, truck,
motorcycle, motorbike, bicycle

• Person: person, pedestrian, jaywalker,
cyclist

Predicates:

• change(Light, Color)

• record(Event)

• photo(Person), photo(Vehicle)

• get_help(Person)

Warehouse
Types:

• Item: aeroplane, apple, backpack,
banana, baseball_bat, baseball_glove,
bear, bed, bench, bicycle, bird,
boat, book, bottle, bowl, broccoli,
bus, cake, car, carrot, cat,
cell_phone, chair, clock, cow, cup,
dining_table, dog, donut, elephant,
fire_hydrant, fork, frisbee, giraffe,
hair-drier, handbag, horse, hot_dog,
keyboard, kite, knife, laptop,
microwave, motorbike, mouse, orange,
oven, parking_meter, person, pizza,
potted_plant, refrigerator, remote,
sandwich, scissors, sheep, sink,
skateboard, skis, snowboard, sofa,
spoon, sports_ball, stop_sign,
suitcase, surfboard, teddy-bear,
tennis_racket, tie, toaster, toilet,
toothbrush, traffic_light, train,
truck, tv_monitor, umbrella, vase,
wine_glass, zebra

• Location: shelf, loading_dock
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Predicates:

• deliver(Item, Location)

• pickup(Item)

• search(Item)

• get_help()

• idle()

A.8 Held-out System Signature Elements
Warehouse

Predicate Holdouts:

• get_help()

• deliver(Item, Location)

Argument Holdouts:

• loading_dock, apple, banana, bench,
bicycle, book, bottle, bowl, bus,
car, chair, cup, dog, donut,
elephant, fork, frisbee, giraffe,
keyboard, kite, knife, motorbike,
remote

Search and Rescue
Predicate Holdouts:

• communicate(Person)

• record(Person/Threat)

Argument Holdouts:

• debris, flood, probable_flood,
active_flood, gas_leak,
injured_victim, injured_rescuer,
safe_victim, unsafe_victim,
active_fire_source,
inactive_fire_source, nearest_flood,
probable_debris, unstable_beam,
active_gas_leak

Traffic Light
Predicate Holdouts:

• photo(Traffic_Target, Road)

Argument Holdouts:

• pedestrian, motorcycle, collision,
cyclist, jaywalker, yellow

• north_1st_street, north_2nd_street,
. . . , north_10th_street

• south_1st_street, south_2nd_street,
south_3rd_street, . . . ,
south_6th_street

• east_1st_avenue, east_2nd_avenue,
east_3rd_avenue, east_4th_avenue,
east_5th_avenue

• west_1st_avenue, west_2nd_avenue,
west_3rd_avenue, west_4th_avenue,
west_5th_avenue, west_6th_avenue

• northeast_1st_street,
northeast_2nd_street

• northwest_1st_street,
northwest_2nd_street

• southeast_1st_street,
southeast_2nd_street

• southwest_1st_street,
southwest_2nd_street

• north_1st_avenue, north_2nd_avenue

• south_1st_avenue, south_2nd_avenue

A.9 LLM Grounding Prompt

Scenario Configuration: {each scenario configu-
ration given in Appendix A.7.}
Sentence: {sentence}
Lifted Sentence: {lifted_sentence}

Return a dictionary of the types, predicates, and
constants for each prop_n in the lifted sentence.
The dictionary should be in this form:
prop_dict: {
"prop_1": {
"action_canon": *string*,
"args_canon": *list of strings*,
},
"prop_2": {
"action_canon": *string*,
"args_canon": *list of strings*,
}
}
Now, predict:
prop_dict:

A.10 GinSign BERT Grounder
Hyperparameters

We use the bert-base-uncased checkpoint
hosted on HuggingFace (Devlin et al., 2018). We
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apply the following training protocol and hyperpa-
rameters to all (Predicate-only, Argument-only, and
Joint) grounding models used in our evaluation:

• Learning Rate: 5e−5

• Epochs: 3

• Batch Size: 16

• Weight Decay: 0.01

• Early Stopping Threshold: 1e− 6

• Early Stopping Patience: 3

• Shard size m = 20

Our training code, trained checkpoints, and the
scripts that reproduce every table in this paper are
available at https://github.com/Dubascudes/
GinSign. The shard size m could be optimized
experimentally, but we find that m = 20 is large
enough to capture all predicate prefixes, and re-
quires at most 5 tournaments in the case of the
largest constant set (Traffic Light street names, see
Appendix A.7).
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