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Abstract

Natural-language texts used in qualitative reasoning
tasks are often syntactically complex and contain
covert qualitative semantics, making it difficult for
symbolic natural language understanding systems to
generate useful formal representations consistently.
We present a hybrid approach that combines LLMs
with the Companion Natural Language Understand-
ing (CNLU) system for generating qualitative pro-
cess frame representations from natural-language
causal statements. In our approach, LLMs simplify
causal statements into constrained simple sentences
and causal sentence pairs, while CNLU generates
logical forms. We improve CNLU’s ability to con-
struct QP frames in cases where complete qualita-
tive information is distributed across multiple lexi-
cal items. We evaluate the system on grounding
facts from the QuaRTz dataset, and present pilot re-
sults demonstrating promising performance.

1 Introduction

Symbolic natural language understanding (NLU) systems
produce structured, inspectable, and correctable representa-
tions, but often struggle with syntactic complexity and covert
semantics from unrestricted language. These limitations be-
come especially apparent in qualitative reasoning tasks,
where natural language (NL) statements frequently imply
changes, comparisons, and causal relationships between
quantities without expressing them explicitly. The Compan-
ion Natural Language Understanding (CNLU) system [To-
mai and Forbus, 2009] has been successfully demonstrated its
usefulness in qualitative reasoning domains such as QuaRel
[Tafjord et al., 2019a; Crouse, 2021; Forbus and Demel,
2022; Forbus, 2025], but it does not consistently derive useful
qualitative representations from general NL text. Long sen-
tences, multiple interacting quantities, and implicit qualita-
tive semantics often induce parsing failures or incomplete
formal representations. For example, CNLU can readily de-
rive a quantity representation from “The particles have en-
ergy,” but comparative expressions such as “The particles

have more energy” or “The particles have higher energy lev-
els” require additional representations of comparison events
relative to a previous state. More complex examples such as
“The smoother the surface, the less friction against an object,
so the faster it will move,” introduces multiple entities, quan-
tities, and causal relationships that can overwhelm CNLU.
Large language models (LLMs), despite limitations in robust
semantic reasoning [Asher ef al., 2023], are highly effective
at linguistic transformation tasks such as paraphrasing and
simplification. Recent work has explored incorporating
LLMs into cognitive architectures and NLU systems (e.g.,
Nakos and Forbus [2023], Zhao and Forbus [2025], Lian and
Forbus [2025]).

This paper explores a hybrid approach that tightly inte-
grates LLMs with symbolic NLU systems. LLMs transform
grounding facts into constrained simple sentences and causal
sentence pairs, while CNLU is extended to derive more ro-
bust qualitative process (QP) frame representations [Forbus
& Hinrichs, 2020]. The extensions address two classes of
qualitative expressions: (1) cases in which the quantity type
is explicitly expressed by some token, while other qualitative
constituents of the QP frame are distributed across multiple
tokens, including comparatives (“less friction”), change de-
rivatives (“force decrease”), and quantity-neutral adjectives
expressing qualitative values (“a great amount of blood”). (2)
cases in which no quantity type is explicit by introducing a
quantity wrapper for a non-quantity noun (e.g. interpreting
“more atoms” in terms of an implicit count quantity). We
evaluate the system on grounding facts from the QuaRTz da-
taset and present pilot results demonstrating promising per-
formance in generating qualitative representations from NL.

2 Background

The Companion Natural Language Understanding (CNLU)
system [Tomai and Forbus, 2009] is a knowledge-rich sym-
bolic NLU system designed to interpret NL text and derive
logical forms suitable for reasoning with the Companion cog-
nitive architecture [Forbus and Hinrichs, 2017]. It integrates



parsing, semantic disambiguation, interpretation, and abduc-
tive reasoning using the large knowledge base NextKB'.
CNLU first tokenizes the input using its lexicon, and each
token may introduce one or more semantic translations (sem-
trans) that map tokens to concepts in the ontology. For exam-
ple, the noun energy may introduce semantics associated with
the quantity type under the FrameNet? frame FN_Dynamism:

(fnSemtrans (TheList) Energy-TheWord Noun
(and (isa :NOUN EnergyQuantity))
(frame FN_Dynamism)
(bindingTemplate (Thelist ....))
(groupPatterns (TheSet .. )))

CNLU then parses the sentence using a highly modified ver-
sion of the TRAINS parser [Allen, 1995]. Parsing proceeds
bottom-up and may generate multiple candidate parse trees
that combine semantics from the tokens to capture meaning.
Since lexical items often have several possible meanings, dis-
ambiguation is required to determine which parse structure
and semantic choices best fit the context. CNLU now sup-
ports several disambiguation strategies including heuristic
rules, BERT-based frame scoring [Ribeiro and Forbus,
2021], and LL.M-assisted disambiguation [Zhao and Forbus,
2025]. Once the semantic choices have been selected, inter-
pretation rules derive logical forms suitable for downstream
reasoning. For qualitative reasoning tasks, additional inter-
pretation rules operate over the parse and semantic infor-
mation to construct formal representations involving quanti-
ties, comparisons, and causal dependencies.

2.1 QP Theory and QP Frames

Qualitative Process (QP) Theory [Forbus, 1984] provides a
formal theory for qualitative reasoning, and we focus here on
quantities and their properties. Qualitative proportionalities
(gprops) represent monotonic dependencies between quanti-
ties without requiring precise numerical values: a positive
gprop indicates that increasing one quantity tends to increase
another, whereas a negative gprop indicates an inverse rela-
tionship. Kuhene [2004] illustrated a close correspondence
between QP Theory and NL semantics—NL contains syntac-
tic patterns and semantic relations that can be used to con-
struct representations of physical phenomena, showing a nat-
ural alignment between the organization of physical
knowledge in QP theory and the structure of frame semantics.
Quantities may be expressed either through quantity nouns
and morphologically related words, such as length, long, and
lengthen, or evoked by words that are not morphologically
derived from a quantity noun, such as sot, which implies tem-
perature. For the latter case, quantities may be conveyed by
either quantity-specific or quantity-neutral adjectives and ad-
verbs. For example, fast in “move fast” is quantity-specific
because it evokes a speed or velocity quantity across con-
texts, while Aigh in “high temperature” is quantity-neutral,
since it does not independently identify a quantity type and
instead specifies the relative magnitude of the contextually
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supplied quantity, temperature. NL also provides information
about other constituents of qualitative processes through re-
curring syntactic and semantic patterns. For instance, ordinal
relations may be expressed through quantity-specific com-
parisons, such as hotter, or through constructions involving
quantity-neutral comparison terms, such as more in “more
heat.” Changes may be expressed directly by verbs or nouns
such as increase, or by constructions that specify the direc-
tion or path such as “transfer from... to...” Interpreting these
descriptions requires identifying the relevant quantities along
with their qualitative constituents, including their qualitative
values, ordering relations, and the processes or influences
that cause them to change.

The resulting QP Theory constructs can be encoded in a
frame-based format compatible with frame-semantic re-
sources such as FrameNet. Subsequent work extended this
frame notion to a broader range of qualitative models and nar-
rative functions for extracting them from language [McFate
et al. 2014; Forbus and Hinrichs 2020]. We collectively refer
to these structures as QP frames, which include but are not
limited to quantity frames, ordinal frames, and influence
frames. A quantity frame represents a quantity associated
with other qualitative information, including its entity, quali-
tative values, or the discourse variables from which the infor-
mation is derived, if applicable. For example, “The particles
have energy” produces a frame for the particles’ energy:

(QuantityFramel
(isa QuantityFramel QuantityFrame)
(quantityEntity QuantityFramel particlel)
(quantityType QuantityFramel EnergyQuantity)
(quantityTypeDV QuantityFramel energyl)
(quantityEntityDV QuantityFramel particlel))

Qualitative information may also be introduced through ad-
jectives or adverbs directly. For example, “the water is hot”
introduces temperature with the qualitative value Hot:

(QuantityFrame2
(isa QuantityFrame2 QuantityFrame)
(quantityEntity QuantityFrame2 waterl)
(quantityEntityDV QuantityFrame2 waterl)
(quantityType QuantityFrame2 Temperature)
(quantityValue QuantityFrame2 Hot))

An ordinal frame represents an ordering or comparison be-
tween quantities or between states of the same quantity. For
example, “The book is heavier than the cup” produces quan-
tity frames for the masses of the book and cup, together with
an ordinal frame relating them:

(QuantityFrame3 ...
(quantityEntity QuantityFrame3 book1)
(quantityType QuantityFrame3 Mass) .. )
(QuantityFrame4
(quantityEntity QuantityFrame4 cupl)
(quantityType QuantityFrame4 Mass) .. )
(OrdinalFramel ...
(ordinalReln OrdinalFramel greaterThan)
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(quantityl OrdinalFramel QuantityFrame3)
(quantity2 OrdinalFrame2 QuantityFrame4))

An influence frame represents a causal dependency between
quantities. For example, “The density of the stone depends on
its mass” produces an influence frame in which mass con-
strains density:

(InfluenceFramel ...
(constrained InfluenceFramel QuantityFrame6)
(constrainer InfluenceFramel QuantityFrame5)
(influenceSign InfluenceFramel 1)
(influenceType InfluenceFramel IndirectInfluences))

Here the positive influence sign (1) indicates that the con-
strained quantity changes in the same direction as the con-
strainer. The influence type distinguishes direct from indirect
influences; this paper focuses on indirect influences, or

gprops.

2.2 QuaRT:

QuaRTz [Tafjord et al., 2019b] is the first open-domain da-
taset for reasoning about comparative analysis problems. It
includes 3,864 crowdsourced questions, each annotated with
the properties being compared and a corresponding ground-
ing fact, which is an NL statement conveying the causal qual-
itative knowledge required to answer the question. For exam-
ple, the question:

When Katie was in the hospital with high blood pressure,
she understood that the volume of her blood was
(a) high (b) low

is paired with the grounding fact:

As blood volume in the body increases, blood pressure in-
creases.

Answering the question requires identifying the positive
causal relationship between blood volume and blood pres-
sure. In QP terms, blood volume acts as the constrainer quan-
tity, while blood pressure acts as the constrained quantity. Im-
portantly, grounding facts often contain multiple quantities,
entities, and causal relationships within a single sentence.
Generating formal qualitative representations from these
texts requires high level of both linguistic interpretation and
qualitative semantic analysis.

2.3 LLM-Assisted NLU

Texts used in qualitative reasoning tasks are typically written
in unrestricted everyday language like the ones in QuaRTz,
while symbolic NLU systems like CNLU generally operate
best on more constrained linguistic input. Recent work sug-
gests that LLMs can help bridge this gap.

One promising direction is to use LLMs as hybrids with
symbolic NLU systems. Because LLMs are highly effective
at text transformation tasks such as paraphrasing and simpli-
fication, they can restructure NL input into forms that are eas-
ier for symbolic NLUs, or ideally, curated based on the
NLUSs’ capability to process. Nakos and Forbus [2023], for
example, proposed simplifying text before symbolic interpre-
tation to improve CNLU’s coverage. Similarly, Kirk et al.

[2022, 2024] explored prompting LLMs to generate text that
could be interpreted by symbolic cognitive agents.

Specifically, in work that uses LLMs to generate qualita-
tive causal structures, Friedman et al. [2021] employ a do-
main-specific transformer architecture to predict the elements
of'a knowledge graph from an NL passage under a predefined
schema with fixed sets of allowable elements; the graph
nodes consist of token sequences extracted from the text.
Similarly, Barres et al. [2025] use LLMs to construct QP
causal networks from documents retrieved in response to NL
queries. However, neither approach constructs or exploits on-
tology-grounded entities and relations.

Another direction is to use LLMs to improve specific
stages of symbolic NLU systems. Zhao and Forbus [2025]
incorporated LLMs into CNLU’s semantic disambiguation
process, while Lian and Forbus [2025] explored using LLMs
to expand lexicons and semtranses.

In this paper, we focus on a hybrid approach. LLMs are
used primarily as constrained linguistic preprocessors that
simplify grounding facts and generate causal sentence pairs,
while CNLU performs symbolic parsing and formal represen-
tation generation. Rather than replacing symbolic reasoning,
the LLM component is intended to produce language that pre-
serves the original semantics while being easier for interpre-
tation and QP frame construction.

3 Task Description

Our goal is to generate QP frames, including influence-frame
representations (qprops), from QuaRTz grounding facts.
Consider the surface-object example: “The smoother the sur-
face, the less friction against an object, so the faster it will
move.” The original sentence contains multiple quantities
(surface smoothness, friction, event rate or speed), entities
(surface and object), and causal relationships expressed
within a single syntactically complex statement. Because
such complexity can make parsing and interpretation unstable
for symbolic NLU systems, our hybrid system first uses an
LLM to transform the sentence into constrained simple sen-
tences, each describing a single quantity or quantity change:

The surface is smoother.
There is less friction against an object on the surface.
The object moves faster.

The LLM also identifies causal pairs among these sentences:

’

(“The surface is smoother.’
“There is less friction against an object on the surface.”)

(“There is less friction against an object on the surface.”
“The object moves faster.”)

CNLU then generates quantity and, when applicable, ordinal
frames for each simplified sentence. For example, “The sur-
face is smoother” produces quantity frames for the surface’s
smoothness and an ordinal frame representing a comparison
to a previous state:

uantityFrame7 ..

y
(quantityType QuantityFrame7 SurfaceSmoothness)
(quantityEntity QuantityFrame7 surfacel))



Original Grounding Fact

The smoother the surface, the less friction against an object,
so the faster it will move.

‘-L) The surface is smoother. The surface is smoother. I
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Figure 1: Procedure for deriving qprops from a QuaRTz grounding fact using the hybrid LLM-CNLU system.
The LLM generates constrained simplified sentences and their causal pairs. For each sentence, CNLU generates
initial quantity and ordinal frames, introduces quantity wrappers when comparative or change expressions mod-
ify nouns not recognized as quantity types, and derives supplementary frames when qualitative information is
distributed across multiple tokens. After aligning and updating the frames, the system uses the causal pairs to

derive gprops.

(QuantityFrame8
(quantityType QuantityFrame8 SurfaceSmoothness)
(quantityEntity QuantityFrame8 (GapFn :NOUN)))

(OrdinalFrame2
(quantityl OrdinalFrame2 QuantityFrame7)
(quantity2 OrdinalFrame2 QuantityFrame8)
(ordinalReln OrdinalFrame2 greaterThan))

The system combines these QP frames with the causal pairs
to derive influence frames. For instance, the first pair pro-
duces a negative qprop from surface smoothness to friction:

(InfluenceFrame2
(constrained InfluenceFrame2 QuantityFrame9)
(constrainer InfluenceFrame2 QuantityFrame7)

(influenceSign InfluenceFrame2 -1)
(influenceType InfluenceFrame2 IndirectInfluences))

Here QuantityFrame9 represents the friction between the ob-
ject and the surface. The resulting influence frames support
downstream qualitative reasoning tasks, including answering
QuaRTz questions.

4 Methodology

We use a hybrid LLM-symbolic pipeline consisting of three
stages: (1) the LLM simplifies grounding facts into con-
strained simple sentences and corresponding casual sentence
pairs; (2) CNLU generates quantity and ordinal frames from



the simplified sentences; (3) CNLU pairs the generated
frames based on causal sentence pairs to derive influence
frames. An overview of the procedure is shown in Figure 1.

4.1 Sentence Simplification

The LLM-generated sentences must satisfy several con-
straints. First, they should be grammatical and structurally
simple enough for CNLU to parse reliably. Ideally, each sim-
plified sentence describes a single quantity, its value or
change, and one primary entity when applicable. For exam-
ple, back to the surface-object example, a less desirable sim-
plification would be “The surface is smoother and has less
friction against on,” because it combines multiple quantities.
These should instead be separated into “The surface is
smoother” and “There is less friction against an object on the
surface.” Quantities associated with different entities or dis-
junctions in general should also be expressed separately.
Consider “The larger a telescope’s mirror or lens, the better
it is at seeing narrowly separated objects as individual objects
and the sharper the images look.” A poor simplification
would be “The mirror or lens of the telescope is larger,” be-
cause the mirror and lens may participate different qualitative
relationships even though they share the same quantity type
here. Better would be: “The mirror of the telescope is larger”
and “The lens of the telescope is larger.”

Additionally, the LLM should preserve much of the origi-
nal lexical content as possible, so CNLU can make use of
more complete set of semantics. For example, “It moves
faster” omits entity information available, better would be
“The object moves faster.” Such pronouns can complicate
discourse-variable coordination and frame alignment.

Finally, the LLM should avoid introducing quantity terms
or semantics absent from the original text. For example, the
surface-object example could be reformulated as “The sur-
face has less smoothness” or “The object has more speed,”
which would simplify QP-frame generation but introduce the
quantity-denoting terms smoothness and speed that do not ap-
pear explicitly in the original text. We therefore use the LLM
primarily for linguistic restructuring rather than semantic re-
interpretation—preserving the original lexical content helps
keep the simplified sentences semantically faithful to the
grounding fact.

Overall, this stage produces sentences that are grammati-
cally simple, semantically faithful to the original text, and
structurally compatible with QP frame generation.

4.2 Causal Sentence Pairing

In addition to generating simplified sentences, the system
identifies causal relationships among the events implied by
each grounding fact. These relationships are required to de-
rive influence frames (qprops) from the corresponding quan-
tity and ordinal frames. The LLM pairs simplified sentences
from the same grounding fact, with each ordered pair repre-
senting a constrainer event followed by a constrained event.
For the surface-object example, it generates the causal pairs
shown in Section 3. The prompt instructs the LLM to use only

the simplified sentences, preserve the casual direction ex-
pressed in the original text, and avoid introducing intermedi-
ate events or additional semantics.

An alternative would be to generate explicit causal refor-
mulations such as “The friction against the object depends
negatively on the smoothness of the surface” and “The speed
of the object depends negatively on the friction against the
object” for the surface-object example. However, these for-
mulations tend to be longer and syntactically more complex
than the simplified sentences, making them less reliable in-
puts for CNLU and more likely to cause parsing instability
where additional tokens tend to induce drastic changes in
parsing, e.g. chart overflows. They also assign the LLM
greater responsibility for formal semantic interpretation. Us-
ing ordered sentence pairs instead maintains a clearer separa-
tion between NL preprocessing and symbolic reasoning.

4.3 QP Frames Generation

For each LLM-generated simplified sentence, CNLU gener-
ates quantity and ordinal frames that are subsequently used to
derive influence frames. Unless the sentence specifies other-
wise, comparative expressions receive a forward temporal in-
terpretation: the current state of a quantity is compared with
its previous state. To improve QP frame generation, we ex-
tend CNLU to handle three broad classes of qualitative ex-
pressions: expressions (1) whose quantity and qualitative in-
formation are supplied directly by lexical semantics, (2)
whose qualitative information is distributed across multiple
tokens, and (3) implying quantities not directly introduced by
any lexical item. We discuss each in turn.

Explicit quantity semantics. The simplest cases are those
in which a lexical item directly introduces both a quantity
type and its qualitative information. In the surface-object ex-
ample, smoother and faster introduce SurfaceSmoothness and
EventRate (Or Speed), respectively. Similarly, energy in “The
particles have energy” introduces EnergyQuantity, while fast
in “The object moves fast” introduces EventRate together
with a relatively high qualitative value. CNLU’s existing
mechanisms handle these cases because the relevant quantity
semantics are localized within individual lexical items.

Supplementary frame generation. When qualitative
meaning is distributed across multiple tokens, CNLU first
generates quantity frames using its existing mechanisms, and
then derives supplementary quantity or ordinal frames from
the sentence’s syntactic and semantic information. We con-
sider four cases. (1) Comparatives modifying quantity nouns:
In “There is less friction against the object on the surface,”
friction introduces the quantity type Friction, while the quan-
tity-neutral comparative token /ess supplies the comparison.
CNLU identifies the modified quantity and generates an or-
dinal frame with a lessThan relation to its previous state. We
focus here on more and less. (2) Comparatives modifying
quantity-specific adjectives or adverbs. In “The object moves
more rapidly,” rapidly introduces high EventRate while more
supplies the comparison. CNLU generates a supplementary
ordinal frame with a greaterThan relation; /ess rapidly instead
yields lessThan. (3) Terms directly expressing quantity



change. Words such as increase and decrease indicate direc-
tional change without independently supplying the quantity
type. In “The gravitational force between them decreases,”
gravitational force introduces GravitationalForceQuantity
and decreases induces an ordinal frame relating its current
and previous states with lessThan. We also consider related
terms such as rise, fall, gain, and lose. (4) Quantity-neutral
adjectives modifying quantity nouns. Adjectives such as
high, low, great, and small, including their comparative
forms, supply qualitative information but do not inde-
pendently identify a quantity type. In “The heart expels a
greater amount of blood with each stroke,” amount introduces
the quantity type and greater induces an ordinal frame with a
greaterThan relation.

Quantity wrappers. Some sentences imply quantity
changes even though no lexical item directly introduces a
quantity type. For instance, “The object has more atoms”
compares the number of atoms associated with the object, alt-
hough atoms denotes an entity type rather than a quantity
type. When no appropriate quantity frame is initially gener-
ated, CNLU checks for comparative or change constructions
involving nouns that can be interpreted quantitatively. It then
wraps the ontologized concept with CountableQuantityFn for
countable entities or MassNounFn for continuous quantities.
Thus, atoms is represented as (CountableQuantityFn Atom).
CNLU then generates quantity and ordinal frames for the
wrapped representation. The choice between CountableQuan-
tityFn and MassNounFn is currently guided by the LLM using
the noun and its linguistic context. This mechanism extends
QP frame generation to everyday expressions in which quan-
tities are implied rather than explicitly named.

Note that these classes extend Kuehne’s [2004] account by
reorganizing and expanding the relevant linguistic construc-
tions according to the information that CNLU must recover
to generate QP frames.

4.4 qprops Derivation

After generating quantity and ordinal frames for all simpli-
fied sentences, the system aligns discourse variables by as-
signing shared variables to references that denote the same
entities or quantities. It then combines the aligned QP frames
with the corresponding causal sentence pairs to derive influ-
ence frames. For example, the pair

’

(“The surface is smoother.’
“There is less friction against the object on the surface.”)

yields an influence frame representing a negative relationship
between surfacesSmoothness and Friction, as shown in Sec-
tion 3. The resulting influence frames serve as the final qual-
itative representations for downstream reasoning.

4.5 Evaluation

We evaluate four stages of qprop generation: simplified-sen-
tence generation, causal-pair construction, quantity and ordi-
nal frame generation, and qprop generation.

Simplified-sentence score. We first evaluate the LLM’s
ability to generate simplified sentences. Each generated sen-
tence receives a maximum score of 1 point, and it receives
the full point when it (1) correctly describes a single event
involving either a change in one quantity or a temporary qual-
itative value of one entity and (2) preserves all qualitative
constituents needed to construct the corresponding QP frame
when that information is present in the grounding fact. Par-
tially correct sentences receive 0.5 points; incorrect sentences
receive 0. For example, consider:

Leaves can have the following adaptations to reduce tran-
spiration rate: small or narrow leaves to reduce the sur-
face area over which water vapor is lost.

“Leaves are small” and “Leaves are narrow” each receive 1
point because each describes a single qualitative property of
a single entity, while “Leaves are small or narrow” receives
a half point for combining two alternative qualitative proper-
ties in one sentence.

Causal-pair score. We next evaluate the generated causal
pairs, each consisting of a cause and an effect sentence. Each
pair receives up to 3 points: 1 for the correct constrainer
event, 1 for the correct constrained event, and 1 the correct
causal direction. Partial credit is awarded when a missing
causal relationship can be recovered indirectly from other
causal pairs generated from the same grounding fact by infer-
ence. For the leaf example, the following pairs each receive
full credit:

(“Leaves are small.”

“The surface area for water vapor loss is reduced.”)
(“Leaves are narrow.”

“The surface area for water vapor loss is reduced.”)
(“The surface area for water vapor loss is reduced.”

“The transpiration rate of leaves is lower.”)

Quantity and ordinal frame score. The extended CNLU
generates quantity or ordinal frames for each simplified sen-
tence. Each frame receives up to 5 points: 2 for the correct
quantity type, 2 for the correct ordinal relation or qualitative
value, and 1 for the correct associated entity. For “Leaves are
narrow,” the following quantity frame receives full credit
since it correctly identifies the quantity type, qualitative
value, and relevant entity:

(QuantityFrame9
(quantityEntity QuantityFrame9 leafl)
(quantityType QuantityFrame9 Distance)
(isa QuantityFrame9 QuantityFrame)
(quantityEntityDV QuantityFrame9 leafl)
(quantityValue QuantityFrame9 Narrow))

By contrast, the following frame for “The surface area for
water vapor loss is reduced” receives 2 points—it identifies
the correct quantity type Area but associates it with an inap-
propriate entity, here the water vapor rather than the surface,
and does not represent the decrease:

(QuantityFramel®@
(quantityEntity QuantityFramel® water-vaporl)
(quantityType QuantityFramel® Area)



(isa QuantityFramel® QuantityFrame)
(quantityEntityDV QuantityFramel® water-vaporl)
(quantityTypeDV QuantityFramel@ areal))

A complete representation would additionally encode either
a supplementary ordinal relation frame with lessThan or a
negative change derivative in this quantity frame (-1).

qprop score, precision, and recall. gprops are then gen-
erated from the QP frames associated with the simplified sen-
tences and from the cause-effect positions of those sentences
in the causal pairs. Each generated gprop receives up to 6
points: 2 for the correct constrainer quantity, 2 for the correct
constrained quantity, and 2 for the correct influence sign.
Given the causal pair

(“leaves are narrow”
“the surface area for water vapor loss is reduced”)

the following influence frame receives full credit because it
links the appropriate constrainer and constrained quantity
frames and assigns the correct positive influence sign:

(InfluenceFrame3
(constrained InfluenceFrame3 QuantityFramel®)
(constrainer InfluenceFrame3 QuantityFrame9)
(influenceSign InfluenceFrame3 1)
(influenceType InfluenceFrame3 IndirectInfluences)
(isa InfluenceFrame3 InfluenceFrame))

We report three metrics for the generated qprops: (1) the
average score vs. maximum score per qprop, (2) partial-credit
precision, defined as the total credit awards divided by the
maximum possible credit for all generated qprops, and (3)
partial-credit recall, defined as the total credit awarded di-
vided by the maximum possible credit for all gold gprops.

5 Pilot Results and Discussions

We used Phi-4 [Abdin et al., 2024] as the LLM component
because it produces relatively stable outputs while remaining
relatively efficient based on our observations. A single rater
evaluated all 81 distinct grounding facts in the QuaRTz test
set. Table 1 reports performance at the four stages of the pipe-
line. For simplified sentence generation, most errors occurred
when the LLM failed to separate multiple quantity-related
events into independent simplified sentences each of which
is supposed to describe one single quantity of one single en-
tity. For quantity/ordinal frames or gprops generation, the re-
sults include cases where CNLU parsing failed because of
timeouts or because lexical items were missing from the lex-
icon or lacked appropriate semtranses.

Many qprop-generation failures occurred because either
the constrainer or the constrained sentence in a causal pair
failed to produce usable QP frames, preventing the system
from deriving the corresponding gprop. Consequently, alt-
hough the grounding facts contained 129 gold gprops in total,
the system only generated 64 gprops, some of which did not
fully match their corresponding gold gprops. We expect the
performance to improve as additional lexicon expansion, se-
mantic translation expansion, and improved disambiguation

Evaluation Stage Avg Score/Max Score

Simplified sentence 0.96/1.00
Causal pair 2.72/3.00
Quantity/ordinal frame  3.30/5.00
gprop 2.56/6.00
qprop-level Metric Value (%)
Precision 85.29
Recall 42.31

Table 1: Evaluation results for the four stages of qprop genera-
tion from QuaRTz grounding facts. The upper panel reports
the mean score relative to the maximum score at each stage.

The lower panel reports partial-credit precision and recall for
the generated gqprops.

mechanisms are incorporated into the system [Lian and For-
bus, 2025; Zhao and Forbus, 2025].

The evaluation also revealed several broader limitations.
First, not all causal events correspond directly to quantity
changes—some grounding facts contain causal events that
trigger quantity changes without themselves expressing qual-
itative information about quantities explicitly. For example,
given “the carbon taxes encourage people to use less fossil
fuel, which reduces carbon dioxide emissions,” one corre-
sponding causal pair is

("Carbon taxes are in place."” "People use less fossil fuel.")

The constrainer sentence describes the presence of a policy
rather than an explicit quantity change, although it contrasts
with a state in which no carbon tax is applied. The current
system handles such events inconsistently. Second, some
LLM-generated sentences still combine multiple events or re-
main syntactically complex. For example, “More of the solid
is exposed and able to react,” should ideally be decomposed
into “More of the solid is exposed” and “More of the solid is
able to react.” These cases suggest the need for stronger
prompting or output constraints when using a certain LLM.
Third, supplementary-frame generation still covers a limited
range of quantity-change expressions. Although the system
handles terms such as increase, decrease, rise, and fall, it re-
mains unreliable for semantically context-dependent verbs
such as stimulate, improve, and reduce, which may imply
qualitative changes or causal relationships in QuaRTz.
Fourth, some simplified sentences remained too syntactically
complex for reliable parsing. Finally, some grounding facts
involve highly implicit quantity semantics that remain diffi-
cult for the current system to capture. For example, “the rays
of the Sun are more focused” implicitly suggests that the ex-
posed area of the rays becomes smaller, but the relationship
is not expressed explicitly through lexical quantity semantics.
These highly covert semantic relationships remain challeng-
ing for the current system and likely require more advanced
interpretation mechanisms and commonsense knowledge.
Overall, the pilot results suggest that combining LLM-
based linguistic preprocessing with extended symbolic QP
frame generation is a promising direction for qualitative rea-



soning from natural language. The observed limitations high-
light the importance of improving semantic coverage, supple-
mentary-frame generation, and symbolic robustness for more
complex qualitative language.

6 Summary and Future Work

In this paper, we presented a hybrid LLM-symbolic NLU sys-
tem for generating QP frame representations from natural-
language grounding facts. Our approach combines the lin-
guistic transformation capabilities of LLMs with the struc-
tured representation and reasoning capabilities of CNLU.
LLMs simplify grounding facts into constrained simplified
sentences and generate causal sentence pairs through prompt
engineering, while CNLU generates quantity, ordinal, and in-
fluence frames from the resulting text. We additionally ex-
tended CNLU to support several classes of qualitative lin-
guistic constructions that frequently occur in everyday causal
language. In particular, the system now handles cases where
(1) complete qualitative information is distributed across
multiple lexical items, (2) comparative constructions involv-
ing more/less and quantity-neutral qualitative adjectives, (3)
derivative constructions involving increase/decrease, and (4)
quantity-wrapper representations for nouns that do not ex-
plicitly denote quantity types, which are extended from sce-
narios of introducing qualitative information about quantities
from NL from Kuehne [2004] and more specific to CNLU.

Pilot evaluation on grounding facts from the QuaRTz da-
taset suggests that this hybrid architecture is a promising di-
rection for generating formal qualitative representations from
unrestricted natural language. At the same time, the observed
limitations highlight the continuing challenges of robust sym-
bolic interpretation for covert qualitative semantics and syn-
tactically complex language.

Several directions remain for future work. First, we plan to
improve CNLU’s qualitative interpretation capabilities fur-
ther by extending supplementary-frame generation to addi-
tional classes of derivative and causal expressions. We also
plan to improve the handling of highly covert quantity seman-
tics that are only implied indirectly by linguistic context. Sec-
ond, we intend to incorporate more advanced lexicon expan-
sion, semantic translation expansion, and semantic disambig-
uation mechanisms [Lian and Forbus, 2025; Zhao and For-
bus, 2025]. These additions should improve both semantic
coverage and parsing robustness when processing unre-
stricted NL input. Third, we plan to investigate how analogi-
cal retrieval and analogical generalization can support quali-
tative reasoning and learning by reading at larger scales.
Since Companions already supports analogical reasoning
mechanisms, future systems may be able to retrieve structur-
ally similar qualitative situations and use them to guide rep-
resentation generation and causal inference. Finally, we are
interested in more developed automatic reading strategies in
which the system dynamically decides how to process and
diagnose linguistic input. Rather than following a fixed pipe-
line, future versions of the system may learn when to simplify
text further, expand lexical semantics, invoke supplementary-
frame generation, or apply additional reasoning procedures

depending on the characteristics of the input sentence, and
these might be achieved via a solve-based approach with
reading plans learning.

Overall, we believe that combining constrained LLM-
based linguistic preprocessing with extensible symbolic NLU
systems provides a promising path toward more robust qual-
itative reasoning from natural language.
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