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Abstract

Verbs are pivotal in human language and cognition. Psycholin-
guistic research has developed explicit, structured accounts of
verb semantics, yet these theories have rarely been leveraged to
improve models’ visual action understanding. Meanwhile, cur-
rent vision—language models (VLMs) often struggle with action
semantics and exhibit unstable, weakly grounded judgments.
Therefore, we introduce Verb Semantic Reasoning (VSR), a
two-stage pipeline in which a Large Language Model (LLM)
converts candidate action descriptions into structured event-
semantic representations and a chain of semantic components
questions; a VLM answers these questions over videos to se-
lect the best-supported action description. Results indicate that
human performance was near ceiling, whereas both VLM base-
lines were substantially lower; VSR consistently improved accu-
racy across models and narrowed the human—-model gap. These
results suggest that explicit verb-semantic reasoning can signifi-
cantly improve the accuracy of VLMs’ action judgments, under-
scoring compositional, symbolic representations as an essential
intermediate step for extracting semantics from the linguistic
knowledge encoded in LLMs and leveraging it to guide VLMs’
visual understanding.

Keywords: verb semantics; event structure; vision-language
model; chain-of-thought reasoning;

Introduction

Verbs occupy a pivotal position in human language and cogni-
tion. In linguistics, a long tradition argues that verb meanings
encode structured event representations (e.g., causation, mo-
tion, force dynamics) that systematically constrain argument
realization and grammatical alternations (Gleitman, 1990;
Hartshorne & Snedeker, 2026; R. S. Jackendoft, 2002; Levin,
1993; Pinker, 2007; Talmy, 2000). In vision, verbs are
grounded in visual perceptual experience, shaped by objects’
physical motion in the real world (H. Ji & Scholl, 2024; Y.
Ji & Papafragou, 2020; Strickland & Scholl, 2015). More-
over, verbs may play an active role in human action planning:
people can use verb semantics to anticipate how an event is
likely to unfold and to evaluate candidate actions against these
expectations (W. Liu et al., 2024).

In psycholinguistics, previous research has developed ex-
plicit, structured accounts of verb semantics, formalizing
verb meaning as compositional event representations. In the
conceptual-semantics tradition (R. Jackendoff, 1990; Pinker,
1989), verbs are not treated as unanalyzed labels. Instead,
their meanings are represented as structured, compositional

event descriptions built from a small inventory of primitives
(e.g., ACT, CAUSE, GO/MOVE, BECOME, CONTACT). On this view,
fine-grained action recognition is possible because viewers
recover an underlying event structure from motion: they in-
fer a limited inventory of conceptual primitives and relations
(e.g., GO vs. STAY, toward(to) vs. away-from, CAUSE vs.
non-CAUSE, HAVE change vs. no HAVE change) and compo-
sitionally combine them into action meanings sufficient for
discrimination.

For instance, both “A pulls B” and “A pushes B” involve
one entity causing another to move through contact, but the
core semantics of pull specifies motion along a path toward the
agent with distance decreasing, whereas push specifies motion
along a path away from the agent with distance increasing.
Similarly, both hug and hit involve physical contact, yet hit
is a causal event that produces an immediate effect, whereas
hug is a non-causal event whose central function is relation
maintenance rather than outcome change.

However, most prior work has used these theories primarily
to decompose linguistic semantics; while it is assumed these
same structures are involved in general cognition, including
the visual domain, non-linguistic theories to date have made
little use of them (Dowty, 1991; Levin, 1993; Pustejovsky,
1995; Talmy, 2000). Therefore, this semantic framework
has the potential to be applied directly to visual action un-
derstanding: by encouraging models to reason in terms of
verb-semantic structure, we can build systems that translate
perceptually available motion into discrete, composable se-
mantic representations that can be identified, compared, and
reasoned about. With this approach, many superficially sim-
ilar events can be distinguished based on their underlying
semantic differences.

For current vision-language models (VLMs) designed to
understand visual semantics, understanding such abstract ac-
tion semantics still remains a widely recognized challenge.
Recent progress in action recognition increasingly leverages
vision—language pretraining and multimodal alignment to help
models extract semantics from visual information. A com-
mon recipe is to learn a joint embedding space for video and
text via contrastive objectives (e.g., CLIP-style training; Rad-
ford et al., 2021), then cast action recognition as video—text
matching or prompt-based classification (e.g., M. Wang et al.,
2021), often combined with stronger temporal modeling (e.g.,
two-stream features, 3D CNNs, or transformer-based video
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encoders) (Guo et al., 2025; Luo et al., 2020).

These approaches enable open-vocabulary recognition and
improved transfer; however, strong benchmark accuracy does
not necessarily imply robust and genuine semantic under-
standing. Beyond classification, recent diagnostic work sug-
gests that VLMs can produce seemingly correct answers with-
out stable, evidence-grounded understanding. For example,
recent diagnostics show that VLMs’ action judgments can be
brittle: when the question or options are rephrased in seman-
tically equivalent ways, their answers may become inconsis-
tent (Shin et al., 2025). Moreover, their ability to determine
what action or event occurred (e.g., chasing, pushing, pulling,
leaving) remains limited and far from human performance
(Saravanan et al., 2025). This suggests that simple video—text
matching alone may be insufficient for inducing human-like,
stable visual-semantic understanding in VLLMs; instead, mod-
els may rely on statistical associations between superficial
features in the input to make their judgments.

Given these limitations, we aim to build a system that can
better understand action semantics from visual information.
Our core idea is that if we can construct an action event’s
semantic structure by analyzing verb semantics and then use
this structure to guide vision—language models’ reasoning dur-
ing action recognition, we may enable models to better un-
derstand events rather than merely match surface cues. In
practice, we leverage the fact that modern Large Language
Models (LLMs) already encode substantial knowledge rele-
vant to verb and event semantics, making them suitable for
producing structured event-semantic analyses from linguistic
descriptions. Recent work at the intersection of psycholin-
guistics and LLMs further suggests that such models encode
rich semantic information in their representations (Cai et al.,
2024; T. Chen et al., 2021).

Figure 1 provides an overview of our theoretical framework.
Given an action hypothesis, an LLM is prompted with instruc-
tions and examples to generate a structured semantic represen-
tation of the verb. This verb-semantic structure then serves as
a scaffold: the VLM uses the resulting constraints to system-
atically evaluate whether the visual input supports the action
hypothesis. To operationalize this idea, we first construct
a lightweight verb-semantic structure inspired by the origi-
nal Pinker/Jackendoff conceptual-semantics tradition, which
(1) defines a small inventory of core predicates (e.g., CAUSE,
ACT, GO/MOVE, BECOME, BE, HAVE, CONTACT) and semantic
roles (Agent, Patient, Theme, Goal, Path), and (ii) provides
reusable event templates together with a lexicon that maps
candidate verbs to structured representations and prototypical
effects.

Building on this structure, we introduce a Verb Seman-
tic Reasoning (VSR) procedure that turns action discrim-
ination into a staged, interpretable reasoning process (Fig-
ure 2). In our implementation, VSR is instantiated as a
two-stage pipeline: (1) event semantic analysis, which uses
the verb-semantic structure to derive a structured represen-
tation for each candidate action event and generates a chain

Is this a pull action?

agent’s path toward patient?
distance decreases?

T l

Yes / No

Figure 1: A semantics-guided framework for action under-
standing. Given an action hypothesis (e.g., pull), an LLM is
prompted with instructions and examples to construct a verb-
semantic structure. Conditioned on this structure, a VLM
evaluates the visual input by checking diagnostic questions
and outputs a decision (Yes/No). The semantic structure in
the illustration shows an example we constructed based on
Jackendoft/Pinker analyses of verb meaning.

of semantic components questions (perceptual — semantic
— causal/effect — intent — decision); and (2) video rea-
soning, which applies the resulting question chain to videos
to elicit evidence-grounded intermediate analyses and a final
judgment. The key intuition is that many “similar-looking”
motions for models become separable once we ask which
fine-grained semantic components are licensed.

Finally, we evaluate this approach on Heider—Simmel-style
(Heider & Simmel, 1944) action events from a dataset intro-
duced by Roemmele et al., 2016. We choose this dataset be-
cause it offers a clean diagnostic of abstract action semantics:
the scenes contain only moving geometric shapes, substan-
tially reducing shortcuts based on object identity, background
context, or scene-specific cues. Such Heider—Simmel-style
animation datasets are commonly used as benchmarks to test
whether models can infer abstract action events and social-
interaction semantics from motion trajectories alone (Chem-
burkar et al., 2024; Maslan et al., 2015; Yun et al., 2025).

In summary, our contributions are the following:

* We construct a lightweight verb-semantic structure inspired
by the original Pinker/Jackendoft conceptual-semantics tra-
dition, and show how an LLM can be used as a tool to
automatically produce structured verb-semantic decompo-
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P
Stage 1: Event Semantic Analysis

verb-semantic analysis

candidate actions
(LLM-based)

(e.g., hit vs. hug)

=

.

semantic structures

of action events

automatically generating

semantic components
questions (LLM-based)

perceptual —semantic—
causal/effect—intention

N

J
/Stage 2: Video Reasoning h
Abstract action animation [ semantic cqmponents ]
questions
AA Aq oy -y VLM
Q Answer (e.g., hit) )

Figure 2: Verb Semantic Reasoning (VSR) pipeline. In Stage 1, an LLM (i) analyzes candidate action-event descriptions into
verb-semantic structures and (ii) generates a level-wise question chain (perceptual — semantic — causal/effect — intent —
decision). In Stage 2, a VLM answers the questions over abstract motion animations to select the best-supported description.

sitions by leveraging its rich semantic knowledge under our
defined schema.

* Building on these decompositions, we use an LLM to au-
tomatically generate a chain of semantic components ques-
tions that operationalize verb-semantic constraints as veri-
fiable, level-wise checks over visual evidence.

* We demonstrate that this semantics-guided question chain
can effectively guide VLMSs’ action understanding, suggest-
ing that Verb Semantic Reasoning (VSR) promotes deeper,
verb-semantics-grounded interpretation of action events.

Related Work

Abstract concept understanding in machines Recent
modeling work has increasingly sought to explore extract-
ing explicit, structured representations for abstract concepts
and reasoning. For example, What Makes a Maze Look
Like a Maze? proposes Deep Schema Grounding (DSG),
which decomposes an abstract concept into a dependency-
graph schema and hierarchically grounds its components in
images (Hsu et al., 2025). Related work in this vein includes
logic-enhanced conceptual representations for grounding and
compositional generalization (Hsu et al., 2024), structured
conceptual scales for pragmatic meaning (Qiu et al., 2025),
and situation-specific symbolic models for grounded theory-
of-mind concepts (Ying et al., 2025). Collectively, these stud-
ies suggest that robust abstraction benefits from structured,
compositional intermediate representations, rather than purely
end-to-end mappings from inputs to labels. However, the work
reviewed above primarily focuses on language or static images
and rarely leverages psycholinguistic theories of event seman-
tics when constructing representations; in contrast, we target
abstract action semantics in dynamic videos, where models
must infer theory-driven semantic structure from continuous
low-level motion trajectories.

Chain-of-Thought prompting Chain-of-Thought (CoT)
prompting encourages a model to generate intermediate rea-
soning steps before producing a final answer, and has been
shown to improve performance on tasks that require multi-
step inference (Wei et al., 2022). In multimodal settings,
CoT-style “thought chains” have also been used to structure
VLM reasoning by decomposing a complex question into a
sequence of simpler, grounded subquestions or explanations
(Y. Chen et al., 2024; Lu et al., 2022). Nevertheless, much
prior Col' work primarily targets logical, mathematical, or
procedural reasoning. In contrast, our Verb Semantic Rea-
soning (VSR) is designed for semantic reasoning: it uses lin-
guistically motivated verb-semantic structure to ask a staged
set of questions, aiming to bridge visual evidence and action
concepts. Although some recent multimodal CoT prompts in-
corporate coarse semantic cues, they are often shallow and not
explicitly anchored in a principled linguistic theory of event
semantics (Y. Chen et al., 2024; Lu et al., 2022); VSR aims to
fill this gap.

Ground Language in Vision In computational accounts of
event understanding, grounding language in perception has
also long been a core theme. For example, Siskind’s ABI-
GAIL system argued that verb meaning can be tied to visually
recoverable event structure (Siskind, 1995). This line of work
suggests that language and vision are complementary rather
than isolated: structured, language-like representations pro-
vide an explicit scaffold for expressing event structure, while
visual perception supplies the grounding needed to recover in-
teraction dynamics from data (Andreas et al., 2016; Johnson
et al., 2017; W. Liu et al., 2024; Mann et al., 1997; Siskind,
2001, 2003; Wong et al., 2023; Ying et al., 2025). Still,
despite broad recognition that language and vision are com-
plementary rather than isolated, prior work has rarely adopted
explicit semantic structure as a formalism for constructing vi-
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sual representations for VLMs, which remains an important
missed opportunity. There is substantial linguistic and psy-
cholinguistic evidence for Jackendoff/Pinker-style verb and
event representations (Ambridge et al., 2018; Dowty, 1991;
Hartshorne et al., 2014; R. Jackendoff, 1990; Levin, 1993;
McRae et al., 1998; Pinker, 1989), yet these semantic struc-
tures have seldom been leveraged as an explicit framework for
visual action events. Motivated by this gap, we propose VSR
to integrate such verb-semantic structure with visual evidence
for more faithful event understanding and description.

Method

To study action concept reasoning, we cast the problem in a
visual question answering (VQA) setting. Each instance is
represented as a tuple (v, q, a), where v denotes the visual
input, g is a natural-language question, and a is the corre-
sponding answer. Here, a can take the form of multiple-
choice selection or free-form generation. In this work,
we adopt a two-option VQA format: given a prompt such
as Which sentence best describes this event?, the
model chooses between two candidate event descriptions (Op-
tion A vs. Option B) that share the same argument structure but
differ in the action predicate, e.g., X [action_1] Y versus X
[action_2] Y. This two-alternative VQA-style formulation
is commonly used to probe models’ video—language inference
capabilities (J. Liu et al., 2020; Saravanan et al., 2025).

Event semantic analysis

We facilitate the large language model (LLM) to reason with
Pinker/Jackendoft-style conceptual semantics by first con-
structing a lightweight verb-semantic structure. Specifically,
the structure provides:

* a small inventory of core semantic functions (e.g., CAUSE,
ACT, GO/MOVE, BE, BECOME, HAVE, CONTACT, PERCEIVE)
with informal definitions;

* atyped role set for event participants (e.g., Agent, Patient,
Theme, Goal, Source, Path, Instrument, Experiencer, Stim-
ulus, Location);

* path operators (e.g., to, from, into, away-from, along,
toward) and composition rules for building nested struc-
tures;

To additionally capture the consequences that a verb may
plausibly induce, we augment each lexical entry with an open-
world effect specification. Effects are represented with:

* intended_effect: an outcome implied by an agentive
intention (when applicable);

* actual_effect: an outcome that is supported by the vi-
sual evidence;

We adopt few-shot prompting to help the LLM interpret
and analyze the semantic structure of each action event. Con-
cretely, we write the verb-semantic structure as a concise
instruction document and provide 34 manually constructed
worked verb examples as reference. We then use prompt-
based instruction to encourage the model to internalize this

specification. Conditioned on the question stem and the two
candidate options, the model composes the relevant elements
in our semantic structure according to each candidate action
and produces a structured event-semantic analysis of the de-
scribed action. Regarding effects, because the effect inventory
is treated as open-world, the model may propose novel effect
labels grounded in the verb’s lexical meaning when existing
taxonomy examples are insufficient.

To illustrate how our two-option format is translated into
event semantics, Figure 3 shows a worked example contrast-
ing hit and hug. The analysis makes explicit which semantic
dimensions distinguish the candidates—for example, whether
acausative event is present (CAUSE vs. ACT), whatkind of inter-
action is involved (e.g., contact), and how the candidates differ
in their intended and actual effects (e.g., collision/sudden on-
set vs. contact maintained/affiliation). These dimensions pro-
vide a structured basis for generating diagnostic questions in
the subsequent semantic components questions construction
stage.

Which sentence best describes this event?

Option B:
“The big triangle hugs the small triangle”

Semantic Structure: HUG
Semantic Function: ACT

Agent: big triangle

Option A:
“The big triangle hits the small triangle™

Semantic Structure: HIT

Semantic Function: CAUSE

Agent: big triangle

Spatial-Physical Type:
CONTACT

candidate: CAUSE vs. ACT

which type of action is
candidate:
GO/PERCEIVE/CONTACT...

Spatial-Physical Type:
CONTACT

[ Agent: big triangle I [ Patient: small triangle | | Agent: big triangle ‘ ‘ Patient: small triangle

Intended effects:

* collision
* distance decrease

Actual effects: + affiliation
’W

* collision
* sudden onset
+ possible state change

Intended effects:
+ contact maintained
* co-location

‘ Intended effects :
*+  contact maintained
*+ co-location

* contact maintained
* co-location

Figure 3: Example of event-semantic analysis for a two-option
item (hit vs. hug). Each candidate description is decom-
posed into a verb-semantic structure (semantic function, par-
ticipant roles) together with intended and actual effects. Atthe
CONTACT level, to make clear that focus is on visual interaction
properties, we represent this component as a spatial-physical
type. Dashed annotations highlight key contrastive dimen-
sions used for discrimination in this example.

Constructing the Semantic Components Questions Af-
ter obtaining an event semantic representation, we further
construct a chain of semantic components questions to guide
how the downstream model infers the action from visual ev-
idence. These questions are automatically generated by a
prompted LLM, conditioned on the event-semantic represen-
tation produced in the previous stage. Figure 4 illustrates the
intended structure: a five-level reasoning plan that will later
be applied to videos, moving from perceptual (what is ob-
servable in the motion display) to semantic (which semantic
components are instantiated), causal/effect (what causal re-
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e N
Perceptual |
AN J
What docs the contact look like perceptually?

Sudden, Brief,
Abrupt bump

Gradual, Sustained,
Continuous closeness

- Adike - Brlike

Semantic |

How is the interaction best characterized?
Impact, Collision, Embrace,

Momentary event Ongoing contact
— Adike - Brlike

e \
| Causal & Effect |
"

What happens to the small triangle after contact?
Displacement, Co-location,
Sudden change, Stable,
Disruption Joint motion
- Adlike - Blike

Y
Intent |
i
What does the big triangle seem to do?

Deliver a strike,
Forceful

= Aclike

Decision

Integrate all cues
HIT (A) HUG (B)

Figure 4: Simplified schematic of the semantic components
questions used in our experiments for a two-option item (e.g.,
hit vs. hug). The question chain is automatically generated
by a prompted LLM conditioned on the verb-semantic struc-
tures (Figure 3); different action-event structures yield differ-
ent question chains, while the overall question-chain template
(perceptual — semantic — causal/effect — intent — decision)
is held fixed.

lations and outcomes are supported), intent (what intentions
are plausible), and finally decision (which event description is
best supported). At each level, the questions explicitly com-
pare the two candidate events (Option A vs. Option B) along
the corresponding dimensions, and the final decision stage
aggregates evidence from earlier levels to select the most sup-
ported option. We emphasize that Figure 4 is a simplified
schematic of the semantic components questions, capturing
the core question structure and the key diagnostic features the
model is prompted to analyze.

Video reasoning

We use a Heider—Simmel-style action dataset in which people
create short animations of simple geometric shapes to depict a
target action using a dedicated authoring interface (Roemmele
et al., 2016). These animations depict interactions between
two geometric shapes: a large triangle and a small triangle.
From this dataset, we select 10 action types with high-quality,
clearly interpretable animations (i.e., the action can be judged

Contact Actions
Hit Hug Pull Push Throw

Fairs:

Hit & Hug
Pull < Push
Pull <> Throw
Hit & Throw
Hug & Pull
Hug < Push

No-Contact Actions

Chase Creepupon Lead Accompany Leave

Fairs:
Chase < Creep up on
Lead < Accompany
Accompany & Leave
Lead < Leave
Leave <> Creep up on
Lead < Chase
Creep up on < Accompany

Figure 5: Selected action set and within-group action pairs
used in the action-discrimination task (contact group vs. no-
contact group).

directly from the display). We further categorize the selected
actions into contact vs. no-contact events and pair actions
within each group to be motion-similar yet semantically dis-
tinct (Figure 5). Each action type contributes four represen-
tative videos. The resulting 13 within-group pairs (contact
group vs. no-contact group) define our two-option questions,
and each question is evaluated on 8 videos (four depicting
each action), yielding 104 trials in total.

Experiment

We used GPT-based vision—language models (GPT-40 and
GPT-5) as our baseline VLMs, as they are widely used as
strong baselines for evaluating chain-of-thought-style prompt-
ing and reasoning enhancements (Y. Chen et al., 2024; Hsu
et al., 2025; Lu et al., 2022; X. Wang et al., 2022; Wei et al.,
2022). To assess how well these baseline VLMs recognize
actions in our Heider—Simmel-style dataset, we first bench-
mark GPT-40 and GPT-5 on our action-discrimination task
and quantify their gap to human judgments. We then evaluate
our VSR procedure and compare its accuracy against the base-
lines to test whether explicit verb-semantic reasoning reduces
this gap and improves VLMs’ understanding of abstract action
meanings.

VLMs Implementation

We used a two-alternative choice task to assess action-
discrimination ability in models. After viewing each ani-
mation, models were asked, “Which sentence best describes
this event?” and chose between two options:

* Option A: “The big triangle [action 1] the small triangle.”
* Option B: “The big triangle [action 2] the small triangle.”

The correct answer was randomly assigned to positions A or
B to control for position bias. Compared to GPT-40, GPT-5
may engage additional deliberation via its built-in thinking
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VLM Baselines Against Human

s

100% 3
80%
>
Q
£
3 60%
Q
<
40%
20%
0%
GPT-40 GPT-5 Human

Figure 6: VLM baselines against humans in the action-
discrimination task. Each dot shows accuracy for one action
(10 actions total); black points and error bars summarize the
mean across actions with 95% bootstrap confidence intervals.

mechanism, introducing potential confounds in baseline com-
parisons. To isolate the contribution of the explicit VSR rea-
soning process, we set GPT-5’s reasoning_effort to minimal,
reducing confounds from the model’s internal reasoning by
default. Separately from the baseline VLM evaluations, we
used GPT-5 as the LLM in Stage 1 of VSR to generate verb-
semantic structures and construct the chain of semantic com-
ponents questions. All VLMs answer the same pre-generated
questions over the same videos. During VSR inference, each
level conditions on the previous level’s question and answer,
encouraging stepwise grounding of verb semantics before a
final decision. For each model, we performed three indepen-
dent runs and report results averaged across runs.

Participants Ten Zhejiang University students participated
in an online experiment (Female: 5; Male: 5; mean age =
21.9). All participants received 25 RMB in compensation,
and the study took approximately 50 minutes to complete.
The experiment was programmed in HTML, JavaScript, CSS
and displayed as a webpage with video size 640x480 pixels.
All models and human participants are evaluated on the same
104 trials, using identical stimuli and the same (question,
option-pair) prompts.

Results

Figure 6 summarizes performance of baseline VLMs and hu-
mans in the action-discrimination task. Humans performed
near ceiling (96.92%), whereas both baseline VLMs were sub-
stantially lower (GPT-40: 62.18%; GPT-5: 65.38%). Action-
level analyses (10 actions; paired sign-flip permutation tests on
per-action accuracies) showed no reliable difference between
GPT-5 and GPT-40 (p = .702), but both models remained re-
liably below humans (GPT-40 vs. humans: p = .002; GPT-5
vs. humans: p = .006). In terms of stability across ac-
tion types, human accuracy was tightly clustered near ceiling,

whereas both VLMs showed markedly greater across-action
variability, with several actions near or below chance (Fig-
ure 6). Overall, these results indicate a large and system-
atic human—model gap in action discrimination, establishing
a strong baseline for testing whether VSR can reduce this gap.

Table 1 shows that VSR improves overall accuracy for both
baseline models. Specifically, VSR yields absolute gains of
6.09% for GPT-40 and 6.41% for GPT-5, raising performance
from 62.18% to 68.27% and from 65.38% to 71.79%, respec-
tively. VSR also improves accuracy for both action categories:
for GPT-40, +1.39% on contact actions and +10.12% on no-
contact actions; for GPT-5, +7.64% on contact actions and
+5.35% on no-contact actions. Overall, VSR narrows the gap
between baseline VLMs and human judgments, suggesting
that explicitly guiding models to reason through verb seman-
tics can improve action understanding.

Table 1: Overall and category accuracy by model. Parenthet-
ical values indicate absolute improvements (A%) relative to
the corresponding baseline model.

Model Contact No-Contact Overall
GPT-40 57.64% 66.07% 62.18%
GPT-40+VSR  59.03% (T 1.39%)  76.19% (T 10.12%)  68.27% (T 6.09%)
GPT-5 65.28% 65.48% 65.38%
GPT-5+VSR 72.92% (T 7.64%) 70.83% (T 5.35%) 71.79% (T 6.41%)

Discussion

Contemporary LLMs possess substantial knowledge regard-
ing verb meanings. Building on this foundation, we find that
even with few-shot prompting, LLMs can reliably generate
Jackendoft/Pinker-style verb-semantic structures by following
a structure instruction and a handful of examples. However,
our results show that VLMs do not automatically apply this
knowledge to understanding action events when they are not
engaged in externally guided reasoning. This indicates that
training solely with standard video—text matching objectives
does not guarantee that a model has formed a sufficiently
semantic representation of visual motion. More broadly, it
points to a limitation in current mechanisms for integrating
vision and language: models may “know” verb semantics in
their knowledge base, yet fail to use it as the basis for under-
standing visual events.

To address this limitation, our approach uses verb seman-
tics as explicit scaffolding for action recognition. We use
an LLM to automatically produce structured verb-semantic
decompositions and to generate a chain of semantic compo-
nents questions that operationalize these decompositions as
verifiable checks over visual evidence; a VLM then answers
the questions to arrive at a final action judgment. Crucially,
we find that this semantics-guided question chain can reliably
improve action discrimination, indicating that Verb Semantic
Reasoning (VSR) effectively guides VLMs to interpret actions
in terms of verb semantics rather than superficial visual cues.
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