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Abstract— Robots operating in everyday environments must
understand fine-grained human actions, intentions, and con-
textual cues from broad views where people occupy only
small regions, a capability unmet by current systems. While
open-vocabulary action recognition methods remain limited to
assigning predefined labels, and vision-language models (VLMs)
face an inherent trade-off between informational richness and
factual fidelity in their outputs, neither approach achieves
the deep semantic interpretation required for reliable human-
robot interaction. We propose Gold Points Sniper (GPS),
a novel framework that empowers lightweight VLMs with
self-guided multimodal reasoning capabilities for fine-grained
human action understanding. Our approach comprises three
key modules: Gold Points Extractor trains VLMs to iden-
tify critical action-relevant details, Selective Socratic Ques-
tioner validates and refines these details through selective self-
questioning, and Semantic Entailment Evaluator quantitatively
assesses factual consistency using semantic entailment clas-
sification. Extensive experiments on our curated instruction-
tuning dataset based on the CAP benchmark demonstrate that
GPS-enhanced lightweight VLMs achieve substantial perfor-
mance improvements, with some models reaching performance
comparable to proprietary GPT-4o while maintaining superior
factual accuracy. Our work establishes a reliable foundation
for fine-grained action understanding in domestic robotics,
enabling robots to safely interpret human behavior through
information-dense yet factually grounded descriptions. Source
code, training configurations, annotation prompts, and dataset
details are released at https://github.com/Haodi-Liu/
GPS-Gold-Point-Sniper.

I. INTRODUCTION

The increasing adoption of robots in domestic environ-
ments necessitates a deeper understanding of human behav-
ior. For robots to effectively collaborate, assist, and socialize
with people, the ability to accurately recognize and inter-
pret human actions is essential. This capability extends be-
yond merely identifying predefined activities from cropped,
human-centric images; it requires sophisticated understand-
ing of human actions, intentions, and contextual cues in
broader views where humans occupy only a small portion of
the image (see Fig. 1 top). However, neither open-vocabulary
action recognition [1–8] nor vision-language models (VLMs)
[9–14] fully achieves this level of deep semantic interpreta-
tion, as each approach suffers from inherent shortcomings.
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Fig. 1: The image on top is an example video frames from CAP
[28] with label "person pulls out chair". (a). Action recognition
gives precise but limited labels. (b). VLMs’ outputs are informative
but error-prone (shown in red). (c). Our GPS framework enables
VLMs to precisely capture multiple fine-grained action clues (in
green).

Despite technical advancements in open-vocabulary action
recognition, including cross-modal alignment [1–3], knowl-
edge augmentation [4, 5], and generalizable learning [6–8],
current methods remain fundamentally limited to assign-
ing predefined action labels [15–18] to visual inputs, as
illustrated in Fig. 1 (a). These approaches fail to capture
details about individuals, their environment, and the nuances
of their interactions, thereby precluding deeper semantic
interpretation and reasoning. While VLMs offer a promising
alternative with their strong expressive capability for open-
ended generation, they face an inherent trade-off between
informational richness and factual fidelity: succinct descrip-
tions often omit critical details, while verbose ones become
prone to redundancy and hallucinations, as demonstrated in
Fig. 1 (b). Although recent work has attempted to address
these issues through structured reasoning [19–23] and self-
questioning [24–27], this fundamental trade-off remains a
significant limitation.

In this work, we aim to empower VLMs with self-
guided generation capabilities for fine-grained human action
understanding. This approach ensures outputs that distill
core, task-relevant information into summaries that are both
information-dense and factually accurate, as illustrated in
Fig. 1 (c). Our objective is to enable VLMs to generate
grounded and insightful summaries, capturing key attributes
of people and scenes while elucidating the details of their
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interactions. However, achieving this goal is hindered by
three major challenges: (i) Lightweight VLMs often exhibit
limited visual grounding capabilities, making it challenging
to accurately identify and extract key details in response to
direct prompts. (ii) VLMs’ inherent tendency toward hal-
lucination poses significant risks during self-guided reason-
ing. Self-generated intermediate steps become contaminated,
causing errors to accumulate through the reasoning process
and result in fundamentally flawed outputs. (iii) The lack
of appropriate metrics for assessing semantic accuracy and
systematic frameworks to distinguish facts from hallucina-
tions creates significant evaluation challenges for open-ended
VLM outputs, hindering reliable assessment essential for
trustworthy deployment.

To address these challenges, we propose Gold Points
Sniper (GPS), a framework that trains VLMs to self-guide
multimodal reasoning and evaluates open-ended outputs
through semantic entailment. Gold Points, our core con-
cept, represent fine-grained key information highly relevant
to human actions. Our framework comprises three main
modules: (i) The Gold Points Extractor trains VLMs to
accurately capture critical, task-relevant details from visual
inputs, enhancing visual grounding capabilities. By focusing
on grounded core details, VLMs can better guide their sub-
sequent reasoning. (ii) The Selective Socratic Questioner
trains VLMs to verify and refine extracted gold points
through selective self-questioning. This internal validation
ensures reasoning step integrity, mitigating error compound-
ing and leading to reliable final summaries. (iii) The Se-
mantic Entailment Evaluator employs semantic entailment
classification to quantitatively assess factual consistency be-
tween VLM outputs and ground truth details. To facili-
tate framework training, we introduce an instruction-tuning
dataset based on Consented Activity of People (CAP) [28]
that benchmarks semantic alignment of VLM outputs against
fine-grained action understanding. Our experiments demon-
strate that our assessment module aligns closely with hu-
man intuition, and the overall framework enables multiple
lightweight VLMs to generate more detailed and precise
descriptions of human actions.

In summary, our contribution is threefold:

1) We propose the Gold Points Sniper (GPS) framework
that enables lightweight VLMs to perform self-guided
multimodal reasoning for fine-grained human action un-
derstanding, achieving information-dense and factually
accurate outputs.

2) We curate a comprehensive instruction-tuning dataset
based on the CAP [28] that facilitates training and
evaluation of semantic alignment between VLM out-
puts and fine-grained action understanding in vision-
language reasoning tasks.

3) Through extensive experiments, we demonstrate that our
framework enables multiple lightweight VLMs to gener-
ate significantly more detailed and precise descriptions
of human actions while maintaining factual accuracy.

II. RELATED WORK

A. Open-Vocabulary Action Recognition

Recent advances in open-vocabulary action recognition
(OVAR) have been driven by CLIP-series models [29–
32], with methodologies categorized into three paradigms.
Cross-modal alignment approaches [1–3] have evolved
from coarse video-label matching to fine-grained strategies
that establish detailed correspondences between visual and
textual modalities, while addressing issues like scene bias
and noisy labels. Knowledge distillation methods [6, 7]
transfer semantic understanding from powerful VLMs to
efficient architectures through teacher-student frameworks
and offline knowledge distillation. Prompt engineering
techniques [4, 5] inject domain knowledge by leveraging
LLMs to generate enriched textual representations and co-
ordinate multiple model descriptions. Despite leveraging
VLMs’ multimodal capabilities, these approaches remain
limited to predefined action labels, hindering fine-grained
understanding of human activities and their surroundings.
In our work, we propose the GPS framework that exploits
VLMs to generate detailed descriptions of actions, intentions,
and contextual cues, establishing a reliable and informative
perceptual foundation for domestic robots.

B. Structured Reasoning and Self-Questioning

Extensive research has focused on enabling LLMs and
VLMs to generate high-quality responses aligned with user
demands through two primary approaches. Structured rea-
soning, pioneered by Chain-of-Thought (CoT) [19], demon-
strates that step-by-step reasoning processes enhance LLM
performance [20, 22]. Self-questioning techniques guide
models toward focusing on salient details for more mean-
ingful responses by providing higher-quality questions. For
example, SQ-LLaVA [26] and Socratic Questioning [27]
generate content-relevant questions about images, while
other works [24] refine this by selectively applying self-
questioning only to problems requiring in-depth reasoning.
However, these methods face a trade-off between informa-
tional richness and factual fidelity. Our GPS framework inte-
grates reliable knowledge accumulation, intermediate result
verification, and self-questioning refinement for fine-grained
human action understanding. Such factual grounding is es-
sential for safe and reliable domestic robots, as inaccurate
perception of human behavior can lead to unsafe actions and
erode user trust in physical world interactions.

III. METHOD

This section details each module of the GPS framework
shown in Fig. 2. While training and evaluating our framework
requires extensive data annotation, a process made costly
by manual labor or proprietary APIs, we bypass these bot-
tlenecks by leveraging powerful open-source models to au-
tomate data annotation and outputs evaluation. Specifically,
we employ LLaVA-OneVision-Qwen2-72B-ov-chat [14] for
annotation and LLaMA-3.3-70B-Instruct [33] for evaluation.
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Fig. 2: Overview of the GPS framework. Dashed blocks are split into an upper section for data annotation and a lower section for VLM
inference, with the annotated data used to fine-tune the VLM. Arrows denote data flow, and colored arrows highlight specific relationships.
Video frames serve as the implicit input to all Data Annotator and VLM blocks. The Semantic Entailment Evaluator module has no dashed
block because annotation and inference workflows diverge over there. The data annotator and output evaluator employed in our work are
LLaVA-OneVision-Qwen2-72B-ov-chat [14] and LLaMA-3.3-70B-Instruct [33] respectively.

Fig. 3: Example video frames with GT label "person closes door
with hip". Associated gold points, Socratic Q&A pairs, and final
description are provided as demonstrations, with key action infor-
mation highlighted in green.

A. Gold Points Extractor

As illustrated in Fig. 2 (a), the Gold Points Extractor
module trains a VLM to identify critical action-relevant
details from input video frames and formulate them as Gold
Points (see yellow box in Fig. 3 for examples).

Let Xv denote the input video frames, G the VLM serving
as the Gold Points Extractor, Xcap the key details capturing
prompt for inference, and Xgold “ tXgold,iu

N
i“1 a set of N

VLM-inferred Gold Points (where N varies by case). The
gold points extraction operation is:

Xgold “GpXcap, Xvq (1)

as our gold points extraction operation.
The data pairs used to train G are tXv, X

ann
goldu, where the

Annotated Gold Points Xann
gold are generated by:

Xann
gold “ApXann

cap , Xvq (2)

Here, A represents the data annotator operating on video
frames Xv with annotation prompt Xann

cap . The training
objective OGPE maximizes the likelihood of generating each
annotated gold point Xann

gold,i given the visual input Xv and
all previously produced points Xann

gold,ăi:

OGPE “

N
ÿ

i“1

logP pXann
gold,i |Xv, Xcap, X

ann
gold,ăiq (3)

Inference prompts (e.g., Xcap) are concise versions of their
annotation counterparts (e.g., Xann

cap ), abbreviated to meet
fine-tuning token limits. For simplicity, we henceforth use
data notation (e.g., Xgold) as shorthand for the complete
prompt containing it when displayed as model input.

The inferred gold points Xgold subsequently guide the
VLM’s reasoning throughout downstream tasks, serving as
foundational reference. In optimal cases, these points capture
all critical information about actions, intentions, and context.
Even when incomplete, they still provide substantial visual
cues that establish a solid foundation for extracting and inte-
grating finer-grained details in following processing stages.

B. Selective Socratic Questioner

Since Xgold may be incomplete or flawed, Selective So-
cratic Questioner (Fig. 2 (b)) trains the VLM to validate and
selectively refine these points through a two-stage process.

Stage 1: Validating Gold Points. The VLM first assesses
whether the gold points are accurate and sufficient for
understanding the subject’s action, intent, and context. Let
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Fig. 4: Example video frames with GT label “person screws
lid to bottle”. Associated GT gold points, entailment relations
(Contradiction 0/Neutrality 1/Entailment 2) with reasons, and VLM
output are shown, where entailments of key action information are
highlighted in green and contradictions are highlighted in red.

V denote the validator VLM. The validation process is:
Let V be the VLM playing the role of validator, then the

gold points validation process can be formulated as

y “VpXv, Xgoldq (4)

where y is a boolean indicator (1 for valid, 0 for invalid).
To better align with real inference, we initially annotate

Xann
gold without access to the GT action label B. For training

V , we then provide the annotator A with B to determine
whether Xann

gold alone suffices to robustly predict B from Xv:

yann “ApXv, X
ann
gold, Bq (5)

where yann is the annotated boolean validity. Thereafter,
tpXv, X

ann
goldq, yannu serve as training data for V and the

training objective Ovalid is the negation of BCE loss:

Ovalid “ ´BCEpy, yannq (6)

Stage 2: Selective Questioning Refinement. The mod-
ule’s workflow branches based on the validity assessment.
When Xgold are deemed valid (y “ 1), the describer VLM
D generates the final description Xdes directly:

Xdes “DpXv, Xgold | y “ 1q (7)

The corresponding training data for D consists of
tpXv, X

ann
goldq, Xann

des u where yann “ 1, with annotated de-
scription Xann

des obtained via:

Xann
des “ApXv, X

ann
gold | yann “ 1q (8)

When Xgold are deemed invalid (y “ 0), Selective So-
cratic Questioner initiates a refinement process featuring self-
questioning (Socratic Questioning). Specifically, a VLM Q,
acting as a socratic questioner, queries itself about omissions

or inaccuracies within Xgold in order to direct its attention to
relevant visual regions. As a result, the discovered valuable
cues are formatted into Q&A pairs Xsocra.

Xsocra “ tpXq,j , Xa,jquMj“1 “QpXv, Xgold | y “ 0q (9)

where the number of Q&A pairs M varies by case. The
training data tpXv, X

ann
goldq, Xann

socrau, with associated yann “

0, for Q is obtained by

Xann
socra “ApXv, X

ann
gold | yann “ 0q (10)

where Xann
socra comprises annotated Q&A pairs.

And the training objective Osocra maximizes the
likelihood of producing each annotated Q&A pair
Xann

socra,j “ pXann
q,j , Xann

a,j q given Xv and all previous
rounds Xann

socra,ăj “ pXann
q,ăj , X

ann
a,ăjq:

Osocra “

M
ÿ

j“1

„

logP pXann
a,j |Xv, X

ann
gold, X

ann
q,j q`

logP pXann
q,j |Xv, X

ann
gold, X

ann
q,ăj , X

ann
a,ăjq

ȷ

(11)

Next, Xsocra augments Xgold to generate the final, im-
proved description Xdes: (Example Q&A pairs and final
description are shown in Fig. 3).

Xdes “DpXv, Xgold, Xsocra | y “ 0q (12)

The training data for D is tpXv, X
ann
gold, X

ann
socraq, Xann

des u

where yann “ 0 and the annotated description Xann
des is

obtained via,

Xann
des “ApXv, X

ann
gold, X

ann
socra | yann “ 0q (13)

Considering both possibilities of validity, the training objec-
tive Odes maximizes the likelihood of generating annotated
description Xann

des given verified intermediate results:

Odes “ logP pXann
des |Xv, X

ann
goldqyann`

logP pXann
des |Xv, X

ann
gold, X

ann
socraqp1´yannq

(14)

C. Semantic Entailment Evaluator
To quantitatively assess how precisely a VLM’s open-

ended description Xdes portrays the actions, intentions, and
context of individuals in visual inputs, the Output Evalu-
ator E within our Semantic Entailment Evaluator module
Fig. 2 (b) ascertains the factual consistency between Xdes

and a set of ground truth key details XGT
gold “ tXgold,iu

K
i“1

(termed Ground Truth Gold Points). Unlike the annotation
of Xann

gold, we provide A with GT action label B as a strong
prior when generating XGT

gold to ensure fidelity (Xgold,K

explicitly contains B). For each ground truth point in XGT
gold,

E classifies its semantic relationship with Xdes as entailment
[2], neutral [1], or contradiction [0]:

R“ EpXdes, X
GT
goldq (15)

where R“ tRiu
K
i“1 P t0, 1, 2uK represents the determined

entailment relations. A demonstration of semantic entailment
evaluation outcomes is given in Fig. 4.

From these relations, we compute the Semantic Entailment

17377



Score Ssem_ent P r0, 1s:

Ssem_ent “
1

2

ˆ

Ne ´Nc

K
`1

˙

(16)

where Ne and Nc denote the counts of entailments and
contradictions in R, respectively. The initial score Sent_init P

r´1, 1s is normalized to obtain Ssem_ent. This score serves as
an objective metric for semantic consistency and will mea-
sure VLMs’ action understanding performance in Sec. IV.

Since a single VLM performs all roles—gold points ex-
tractor G, validator V , questioner Q, and describer D in this
work—we combine all objectives for unified fine-tuning:

Ooverall “OGPE `Ovalid `Osocra `Odes (17)

This comprehensive objective enhances the VLM’s fine-
grained reasoning capabilities across all module functions.

IV. EXPERIMENT

We conduct extensive experiments across a range of
lightweight VLMs to demonstrate the advantages of our
GPS framework. Our experiments aim to investigate two
key aspects of the GPS framework: (i) the performance
boost when incorporating the GPS framework on VLMs
for fine-grained human action understanding tasks and the
adaptability to unseen scenarios, and (ii) the necessity of
the GPS framework (e.g., whether it could be replaced
by Chain-of-Thought prompt engineering). Additionally, we
conduct an ablation study to analyze the contribution of each
core module in the GPS framework, providing a thorough
understanding of our proposed approach.

A. Experiment Setup

Benchmark: We construct an instruction-tuning dataset
and an assessment benchmark using CAP [28], a corpus
designed for fine-grained human action recognition. To be
helpful for fine-grained action understanding, all selected
action categories feature rich subject interactions. Specifi-
cally, the instruction-tuning dataset consists of 14,281 video
frames from 80 action categories. For training, it provides
video frames Xv , annotated gold points Xann

gold, ground-truth
gold points XGT

gold, validation yann, optional socratic Q&A
pairs Xann

socra and final description Xann
des . In contrast, the

assessment benchmark is designed purely for evaluation and
contains 3,321 video frames from 40 categories, comprising
only video frames Xv and their ground truth gold points
XGT

gold. To evaluate generalization, the assessment benchmark
is further divided into a held-in set (20 categories, 1,117
frames) and a held-out set (20 categories, 2,204 frames). The
action categories in the held-in set are seen during instruction
tuning, but the video frames are from different scenarios.
Conversely, the categories in the held-out set are absent from
the tuning set, enabling zero-shot evaluation.

Models: We select four SOTA lightweight LVLMs: Qwen-
VL-Chat [9], MiniGPT-v2 [11], LLaMA3-LLaVA-NeXT-8B
(LLaVA-NeXT-8B) [13] and LLaVA-OneVision-Qwen2-7B
(LLaVA-OV-7B) [14] for our experiments and VLMs’ fine-
tunings are performed on four A800-SXM4-80GB. In addi-

tion to these lightweight models, we also evaluate a SOTA
open-source large VLM, LLaVA-OneVision-Qwen2-72B-ov-
chat (LLaVA-OV-72B) [14], and the proprietary model, GPT-
4o [12], on our benchmark. This serves a dual purpose:
first, to assess the capabilities of leading large-scale VLMs
on our specialized task of fine-grained human action under-
standing; and second, to compare their performances against
our enhanced lightweight models to highlight the effects of
improvements.

Finetuning & Prompting: The GPS framework, as de-
tailed in Sec. III, is built upon a four-stage reasoning struc-
ture: gold points extraction, gold points validation, selective
questioning refinement, and fine-grained description. The
application of this framework consists of two distinct phases:
In the Finetuning phase, the instruction-tuning dataset is
used to explicitly train the VLMs on how to perform each
individual stage of the reasoning structure. Subsequently, in
the Prompting phase, the VLM is prompted to replicate
this trained, multi-stage process in inference. Critically, dur-
ing inference necessary inputs like gold points, validation
outcome and refined Q&A pairs are generated by the VLM
in real-time and fed into its own subsequent reasoning steps
via appropriate prompts.

B. Performance Boost with GPS

In this experiment we evaluate to what extent, the GPS
framework boost the performance of the lightweight VLMs
and whether such improvements can generalize to new
scenarios and new actions. To highlight the effectiveness of
the GPS framework, we evaluate the performance of various
vanilla VLMs against their GPS-enhanced counterparts on
our benchmark, with performance measured by semantic
entailment scores 16. The term “GPS-Enhanced” indicates
that lightweight VLMs adopt GPS fine-tuning and prompting
phases, while for LLaVA-OV-72B and GPT-4o, where fine-
tuning is infeasible, this refers solely to GPS prompting.
To assess learning efficacy and zero-shot generalization, we
report results on the whole benchmark as well as on held-in
(seen) and held-out (unseen) sets. This evaluation protocol is
maintained throughout all subsequent experimental sections.

As illustrated in Fig. 5, the evaluation results align
closely with human intuition that more advanced models
achieve higher ratings, supporting the credibility of our
Semantic Entailment Evaluator. Compared to vanilla base-
lines, all lightweight VLMs achieve substantially better
scores on held-in, held-out, and whole benchmark after
GPS enhancement. Notably, GPS-enhanced LLaVA-NeXT-
8B and LLaVA-OV-7B demonstrate performance compa-
rable to GPT-4o on the held-in set, indicating that GPS
effectively enhances lightweight VLMs’ fine-grained action
understanding capabilities, producing information-dense and
factually accurate outputs. For the already powerful GPT-4o
and LLaVA-OV-72B, the effect of this multi-stage prompting
is less pronounced. LLaVA-OV-72B’s minor performance dip
can be attributed to instability from applying complex prompt
engineering to a large model for such a complicated task.
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Fig. 5: Histogram showcasing the performances of various VLMs (vanilla & GPS-Enhanced version) on our benchmark.

The substantial improvements on the held-in set demon-
strate that GPS effectively teaches VLMs to understand ac-
tions encountered during training. More importantly, despite
smaller improvement margins, the consistent enhancements
on the held-out set validate the zero-shot generalization
capability of GPS-Enhanced VLMs across new scenarios and
actions. This achievement is particularly significant given the
held-out set’s inherent difficulty—vanilla models typically
underperform here compared to the held-in set, and action
categories are entirely unseen during training. Even modest
improvements on this challenging set therefore represent
substantial progress. GPS does not merely help models mem-
orize training examples but teaches a generalizable analytical
framework: observe key details, verify accuracy, and identify
missing information. Since this analytical skill transcends
specific tasks, it generalizes effectively to new scenarios and
completely unseen actions.

Please offer a visually grounded summarizing de-
scription of the ongoing human action, as well
as the associated intention and context. Reason-
ing supported by reliable external knowledge and
visual details is permitted. Also be sure to leverage
the temporal changes in the frames and state the
recognized action (including the interacted objects
if possible) with one sentence at last.

TABLE I: Generic prompt used as our baseline prompt.

C. Necessity of GPS Framework

In this experiment, we investigate the necessity of the GPS
framework by analyzing whether its performance can be

Models Semantic Entailment Score

Held-in Held-out Whole

Qwen-VL-Chat 34.25 33.20 33.56
+ Prompting 33.40 (Ó2.48%) 31.40 (Ó5.42%) 32.08 (Ó4.41%)
+ Finetuning 34.90 (Ò1.90%) 33.65 (Ò1.36%) 34.07 (Ò1.52%)
+ Combined 40.50 (Ò18.25%) 35.25 (Ò6.17%) 37.02 (Ò10.31%)

MiniGPT-v2 30.70 32.35 31.80
+ Prompting 29.15 (Ó5.05%) 31.00 (Ó4.17%) 30.38 (Ó4.47%)
+ Finetuning 37.00 (Ò20.52%) 32.50 (Ò0.46%) 34.02 (Ò6.98%)
+ Combined 38.32 (Ò24.82%) 33.50 (Ò3.55%) 35.12 (Ò10.44%)

LLaVA-NeXT-8B 42.00 40.90 41.27
+ Prompting 41.25 (Ó1.79%) 37.10 (Ó9.29%) 38.50 (Ó6.71%)
+ Finetuning 54.40 (Ò29.52%) 42.80 (Ò4.65%) 46.70 (Ò13.16%)
+ Combined 56.00 (Ò33.33%) 44.50 (Ò8.80%) 48.37 (Ò17.20%)

LLaVA-OV-7B 48.26 46.85 47.32
+ Prompting 50.23 (Ò4.08%) 46.30 (Ó1.17%) 48.68 (Ò2.87%)
+ Finetuning 54.90 (Ò13.76%) 47.90 (Ò2.24%) 49.20 (Ò3.97%)
+ Combined 58.00 (Ò20.18%) 49.15 (Ò4.91%) 52.13 (Ò10.16%)

LLaVA-OV-72B 49.38 46.88 47.72
+ Prompting 51.16 (Ò3.60%) 46.05 (Ó1.77%) 47.77 (Ò0.10%)

GPT-4o 56.70 54.30 55.10
+ Prompting 57.60 (Ò1.59%) 54.40 (Ò0.18%) 55.48 (Ò0.69%)

TABLE II: Assessing the independent and synergistic effects of
GPS finetuning and prompting phases described in Sec. IV-A.

achieved through pure Chain-of-Thought prompt engineer-
ing. To validate this necessity, we isolate the prompting phase
of GPS—itself a form of CoT prompt engineering—from the
overall framework to assess its individual effect relative to
the finetuning phase. To this end, we designed the following
four distinct experimental configurations: The baseline con-
figuration employs a generic prompt Tab. I to guide a vanilla
VLM in action description. The + Prompting configuration
involves only GPS prompting, directing the vanilla VLM to

17379



follow GPS’s four-stage reasoning structure. The + Fine-
tuning configuration consists solely of finetuning, where the
VLM learns GPS reasoning stages but receives only generic
prompting Tab. I at inference. Finally, the + Combined
setting represents complete GPS Enhancement, first training
the VLM on four-stage reasoning during finetuning, then
prompting the trained model to replicate the full reasoning
process during inference.

Results in Tab. II show that + Prompting caused perfor-
mance degradation for nearly all lightweight VLMs, with
only minor improvement in LLaVA-OV-7B. This reveals a
key insight: complex, multi-stage prompts become cognitive
burdens rather than helpful guidance for lightweight VLMs.
Lacking inherent capability to follow four-stage reasoning,
these models likely generate flawed Gold Points or fail
at self-verification, causing the entire reasoning chain to
collapse. This demonstrates that complex reasoning skills
must be learned through targeted training rather than elicited
by inference-time prompts. In contrast, + Finetuning led
to substantial performance enhancements across all mod-
els, confirming that our training strategy is essential for
equipping models with necessary skills. Peak performance
was achieved exclusively under the + Combined setting,
revealing crucial synergy between training and prompting
in our framework. The finetuning phase endows models
with GPS reasoning capabilities, while the prompting phase
provides structured guidance during inference, ensuring these
learned abilities are reliably invoked in correct sequence.

D. Ablation Study of Core Components

LLaVA-NeXT-8B Held-in Held-out Whole
w/o GPE 53.35 (Ó4.73%) 42.15 (Ó5.28%) 45.92 (Ó5.07%)
w/o GPV 53.75 (Ó4.02%) 41.15 (Ó7.53%) 45.39 (Ó6.16%)
w/o SQR 56.80 (Ò1.43%) 43.80 (Ó1.57%) 48.17 (Ó0.41%)
full GPS 56.00 44.50 48.37

LLaVA-OV-7B Held-in Held-out Whole
w/o GPE 54.44 (Ó6.14%) 45.52 (Ó7.39%) 48.52 (Ó6.93%)
w/o GPV 54.69 (Ó5.71%) 45.55 (Ó7.32%) 48.63 (Ó6.71%)
w/o SQR 57.38 (Ó1.07%) 48.60 (Ó1.12%) 51.55 (Ó1.11%)
full GPS 58.00 49.15 52.13

TABLE III: Ablations on prompting LLaVA-NeXT-8B and LLaVA-
OV-7B (both GPS finetuned). Three ablated components are Gold
Points Extraction (GPE), Gold Points Validation (GPV) and Selec-
tive Questioning Refinement (SQR).

To evaluate each module’s contribution in the GPS frame-
work, we conduct a prompting ablation study on LLaVA-
NeXT-8B and LLaVA-OV-7B models after GPS finetuning.
During inference, we systematically ablate each of the three
steps–GPE, GPV, and SQR (as shown in Tab. III)—from
the prompting-based reasoning process while retaining the
other two. We perform this ablation on finetuned VLMs
because only models capable of properly executing each
GPS reasoning stage can provide faithful assessment of
component effectiveness. We examine three ablation settings:
(i) Without GPE: The VLM uses only visual input to choose
between direct description generation and self-questioning
for additional visual clues. (ii) Without GPV: The VLM
skips validation of generated gold points and proceeds di-
rectly to selective refinement, but lacks validation feedback to

Fig. 6: A qualitative example, with GT label “person pours coffee
into mug”, demonstrating the usage outcomes of vanilla GPT-
4o, vanilla LLaVA-OV-7B and GPS-Enhanced LLaVA-OV-7B on
a video frames from our benchmark.

guide this selection. (iii) Without SQR: The VLM generates
the final description based solely on generated gold points
and their validation results without further refinement.

The ablation results in Tab. III confirm that all compo-
nents contribute meaningfully while revealing their distinct
functional roles. Gold Points Extraction (GPE) and Gold
Points Validation (GPV) serve as foundational components,
with their removal causing the most substantial performance
drops, demonstrating that the reasoning chain depends crit-
ically on accurately extracting and verifying core factual
information. After GPE extracts facts and GPV validates
them, SQR identifies missing details and resolves ambigu-
ities, transforming factually correct descriptions into more
informative outputs. The smaller performance drop from
SQR removal indicates its primary role is improving output
quality rather than establishing correctness. This ablation
study demonstrates that GPS effectively balances informa-
tional richness and factual fidelity by first ensuring accurate
fact extraction and validation, then systematically enhancing
descriptive detail without compromising correctness.

E. Qualitative Evaluation

Fig. 6 presents qualitative results of GPS-Enhanced human
action understanding, demonstrating the effectiveness of the
GPS framework. The baseline models show critical failures
in fine-grained action understanding despite adequate gen-
eral scene description. GPT-4o hallucinates both object and
action, misinterpreting pouring from a kettle as “lifting a
dumbbell”, while vanilla LLaVA-OV-7B correctly perceives
the static environment but fails to grasp temporal dynam-
ics, incorrectly concluding the frames are “identical” with
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“minimal movement”. In contrast, the GPS-Enhanced model
accurately identifies and sequences the core action. Rather
than providing static descriptions, it correctly decomposes
the event into constituent steps: holding objects, raising the
kettle, pouring, and lowering it back. This demonstrates
that GPS enables VLMs to move beyond coarse scene-
level perception to structured, step-by-step reasoning that
accurately captures fine-grained action semantics.

V. CONCLUSION

We introduced the GPS framework to enable fine-grained
human action understanding for domestic robots through
self-guided multimodal reasoning in lightweight VLMs.
Our three-module approach—Gold Points Extraction, Selec-
tive Socratic Questioning, and Semantic Entailment Evalua-
tion—resolves the trade-off between informational richness
and factual fidelity in vision-language models. Experiments
demonstrate that GPS-enhanced lightweight VLMs achieve
substantial improvements across seen and unseen action
categories, with some reaching performance comparable
to larger proprietary systems while maintaining superior
factual accuracy. The framework’s generalization to new
scenarios validates its real-world applicability, establishing
a systematic approach for information-dense yet factually
grounded action descriptions that enable trustworthy human-
robot interaction in domestic environments.
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