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Abstract

Visual question answering (VQA) represents a critical intersection of vision and language understand-
ing, where models must perceive visual scenes and reason about their underlying semantics. However,
human-like reasoning often extends beyond what is directly observable—requiring the invocation of
prior knowledge, inference, and commonsense understanding. In this work, we reexamine the nature
of external knowledge in multimodal reasoning and propose a unified framework named Cognitive
Grounded Imagination Network (COGINet) that integrates dynamically generated commonsense
imagination with vision-language understanding. Instead of merely retrieving symbolic facts from
static knowledge bases, our framework leverages contextualized commonsense imagination synthe-
sized through large-scale generative knowledge models, thereby grounding dynamic reasoning on
both perceptual evidence and inferred world regularities. COGINet introduces a two-stage process:
(1) a knowledge imagination module, which generates plausible contextual hypotheses from the
interaction between visual regions and textual queries; and (2) a cross-modal reasoning transformer
that fuses these contextualized inferences with multimodal embeddings through adaptive attention.
We demonstrate that such cognitive grounding enables the model to reason about abstract or implied
concepts, extending beyond explicit cues in the image or text. Extensive experiments conducted on OK-
VQA and A-OKVQA benchmarks show that COGINet achieves consistent improvements over prior
static-knowledge methods, providing both quantitative gains and qualitative interpretability. Further
analysis reveals the model’s ability to discern when external knowledge is useful, selectively invoking
imagined context only when required for reasoning. Our findings highlight the importance of dynamic,
cognitively inspired commonsense integration for achieving genuine multimodal understanding.

Keywords: visual question answering; commonsense reasoning; multimodal understanding; knowl-
edge imagination; cognitive grounding

1. Introduction

The task of Visual Question Answering (VQA) [1,6,12,37,49] has emerged as a central challenge
for multimodal learning, serving as a benchmark to assess how well an Al model can bridge visual
perception and linguistic reasoning. In its standard form, a model is presented with an image and
a natural-language question, and is expected to produce a correct answer grounded in the image’s
content. This process implicitly involves several reasoning capabilities: localizing relevant regions,
parsing semantic relations, interpreting textual cues, and aligning cross-modal representations. Over
the past few years, the success of large-scale pre-trained transformers [8,21,44] has elevated the
performance of such models to impressive levels on datasets like VQA v2, closing much of the gap
with human performance for perceptual-level questions.

Nevertheless, a key limitation persists: the majority of existing VQA systems remain bound by
what is visually observable. Human reasoning, by contrast, often goes beyond visual cues — it infers
intent, causality, and social or physical context from partial information. For instance, given an image
of a dinner plate with steak and bread, a human naturally infers it is likely a restaurant meal or part of
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a social gathering. Such inferences rely on commonsense knowledge accumulated through everyday
experience. Standard vision-language pre-training pipelines only capture statistical co-occurrence
patterns from web-scale corpora, which often lack sufficient coverage or contextual richness to support
these cognitive inferences [32]. As a result, models trained purely on perceptual data struggle with
questions requiring inference, analogy, or background understanding.

it

The plate is likely
from a restaurant

(Q: Where is the plate?)

(Perceptual Evidence —— Inferred World Regularities)

Cognitive Grounding for Visual Question Reasoning
via Dynamic Knowledge Imagination

Figure 1. Illustration of cognitive grounding in Visual Question Answering. The model observes a visual scene (a
plate with steak, potato, and bread) and, through dynamic knowledge imagination, infers contextual meaning —
reasoning that the meal is likely served in a restaurant. This exemplifies the transition from perceptual evidence
to inferred world regularities, reflecting how COGINet integrates commonsense imagination into multimodal
understanding.

To address this limitation, researchers have explored the integration of external knowledge into
VQA systems, giving rise to knowledge-based VQA (KB-VQA) frameworks [29,36,45,49]. These
approaches augment the reasoning process with facts drawn from structured knowledge bases (e.g.,
ConceptNet, ATOMIC), or textual sources such as Wikipedia. Despite notable progress, such methods
remain constrained by static retrieval mechanisms: knowledge bases are inherently incomplete, contain
redundant or context-irrelevant facts, and often fail to adapt to the specific nuances of a given image-
question pair. Moreover, retrieval-based designs treat knowledge as explicit text snippets, which must
then be manually aligned with the multimodal representation, leading to rigid and brittle reasoning
pipelines [9,28,47].

Motivated by these challenges, we introduce a new paradigm of knowledge imagination—a pro-
cess that dynamically generates contextualized commonsense inferences conditioned on both visual
and linguistic cues. This idea draws inspiration from cognitive science, where imagination acts as
a generative simulation mechanism that enables humans to hypothesize unseen causes and conse-
quences. Instead of retrieving fixed facts, our proposed model—COGINet—synthesizes candidate
commonsense inferences using a generative commonsense model, such as COMET [2,15], guided by
the semantic structure of the question and salient visual entities. These inferences are subsequently
filtered, ranked, and embedded into the model’s multimodal reasoning pipeline via a contextual
attention fusion mechanism, allowing the system to focus on the most relevant cognitive signals.

More concretely, COGINet builds upon the architecture of vision-language transformers (such
as VL-BERT [41]), but enhances them with a Cognitive Imagination Layer that encodes generated
commonsense hypotheses alongside visual-textual features. To mitigate the potential risk of noisy or
irrelevant knowledge injection, we employ a weakly supervised gating strategy that learns to modulate
knowledge flow based on the nature of the question. For instance, for purely visual questions (e.g.,
“What color is the umbrella?”), the gate suppresses external imagination; whereas for conceptual
queries (e.g., “Why is the child wearing a helmet?”), the system dynamically activates the generative
inference process.
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Through extensive evaluation on OK-VQA [29] and A-OKVQA [36], we demonstrate that
COGINet significantly improves performance on questions requiring inferential reasoning. Our
analysis reveals that dynamically imagined knowledge allows the model to reason over implicit causes,
human intentions, and object affordances that static retrieval systems often overlook. Furthermore,
interpretability studies show how the attention heads in our cognitive fusion layer correlate with

a7

semantically meaningful patterns, such as “safety,” “social setting,” or “food preparation,” highlighting
the interpretive transparency of the system.

In summary, this work contributes threefold: (1) we introduce a cognitively inspired notion
of knowledge imagination for multimodal reasoning; (2) we develop an end-to-end transformer
framework that dynamically generates, filters, and integrates contextual commonsense hypotheses;
and (3) we provide empirical and interpretive evidence that such imagination-driven grounding
leads to more robust and human-like visual question reasoning. We believe this direction not only
extends the frontier of VQA research but also moves a step closer to cognitively aligned multimodal

intelligence.

2. Related Work
2.1. Foundation Models for Vision—-Language Understanding

Pre-trained vision-language transformers rooted in BERT-style architectures [8] have become the
dominant backbone for multimodal reasoning, including Visual Question Answering (VQA). Early two-
stream designs such as VILBERT [25] and LXMERT [42] encode text and image features separately and
then align them through cross-modality attention, enabling fine-grained token-region interactions. In
contrast, single-stream models—VL-BERT [41], OSCAR [22], and OSCAR+ [50]—jointly contextualize
visual regions and subword tokens in a unified transformer, often yielding stronger fusion and simpler
training dynamics. These models are typically pre-trained on web-scale corpora such as Conceptual
Captions [38] with objectives that explicitly promote cross-modal alignment, e.g., masked language
modeling over text conditioned on image regions, masked region modeling conditioned on text, and
multimodal contrastive objectives [22,25,41,42]. Such pre-training pipelines inadvertently absorb a
slice of commonsense regularities present in the data distribution, which partially explains their strong
downstream performance on VQA [1].

Despite these advances, a persistent gap remains when questions demand knowledge that is
not directly visible or requires multi-hop reasoning over latent context. Purely perceptual cues or
distributional statistics learned during pre-training may be insufficient for queries about intentions,
affordances, or socio-cultural conventions—phenomena that are sparse or implicit in web-scale text
and thus underrepresented in model weights [32]. Consequently, even state-of-the-art models struggle
on knowledge-intensive settings. In this paper we revisit this limitation and advocate explicit, context-
aware knowledge infusion. We denote our approach as AURORAVL (hereafter our model), a VL-
BERT-based framework that integrates external commonsense signals to mitigate the aforementioned
deficiency and to better support questions requiring reasoning that extends beyond what is depicted.

2.2. Knowledge-Enhanced Visual Question Answering

To stress-test models’ capacity for reasoning with background knowledge, numerous datasets
target facts or commonsense beyond the pixels: FVQA [45] and WebQA [5] emphasize factual and
web evidence; VLQA [34] supplies a passage for retrieval-style comprehension; VCR [49] focuses
on commonsense-driven rationale selection; and OK-VQA [29] as well as A-OKVQA [36] explicitly
require external knowledge to answer open-ended questions. These benchmarks have catalyzed a
family of knowledge-enhanced VL transformers that complement visual-text features with retrieved
facts. A common strategy is to extract subgraphs from ConceptNet [40] or other KBs and inject them
as additional inputs or graph embeddings [9,20,28,47]. Other works leverage captions [33], web search
snippets [26], Wikipedia pages, or even Google Images to assemble a richer context [47].
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An alternative paradigm uses large language models (LLMs) as few-shot reasoners. PICa [48] and
KAT [13] demonstrate that prompting GPT-3 [3] with object tags and captions can supply answers with-
out explicit parameter updates. While effective, such pipelines may incur non-trivial cost at inference
time and can be brittle under prompt shifts. By contrast, our model focuses on the commonsense-rich
subset of these tasks and employs COMET [15] to synthesize context-sensitive inferences. The resulting
integration is simpler to maintain, cost-efficient, and tailored to the types of relational and causal
knowledge most frequently needed in OK-VQA and A-OKVQA.

2.3. Incorporating Commonsense in NLP

Large knowledge bases (KBs) such as ConceptNet [40] and ATOMIC [35] have long supported
NLP systems with symbolic assertions: ConceptNet contributes concept- and entity-level relations
(e.g., IsA, PartOf, MadeOf), while ATOMIC aggregates event-centric social commonsense about causes,
effects, and mental states at scale. Numerous methods inject such knowledge by encoding retrieved
subgraphs, pre-training on commonsense objectives, or adding auxiliary tasks [9,23,51]. Yet direct
retrieval from KBs suffers from incompleteness and weak contextualization: an otherwise correct fact
may be irrelevant under a particular image—question pairing.

COMET reframes this bottleneck by fine-tuning pre-trained LMs on KB triplets to generate plausi-
ble inferences conditioned on free-form textual inputs [15]. This generative view addresses coverage
(by extrapolating beyond enumerated triples) and context (by conditioning on the specific query), and
has proven effective in multiple text-centric tasks [4,27,39,43]. Building on this success, we employ
COMET to produce candidate hypotheses that our model filters and fuses with multimodal evidence.
Notably, variants like Visual COMET and symbolic distillation approaches [30,46] target event-level
reasoning that is less aligned with OK-VQA and A-OKVQA, which more often revolve around entity
attributes, affordances, and functional context; hence our focus on COMET’s commonsense relations
better suits the problem setting.

2.4. Retrieval vs. Generation for External Knowledge

Knowledge retrieval pipelines query a fixed repository (KBs, Wikipedia, web) and must then filter,
rank, and align results with the multimodal context. While retrieval offers verifiability and explicit
provenance, it struggles with recall in long-tail scenarios and can introduce topic drift when queries
are short or noisy. Generative knowledge models like COMET [15] trade provenance for adaptability,
producing context-tailored inferences that capture tacit regularities (e.g., social scripts, affordances).
Our approach combines their strengths: we generate candidate commonsense, apply learned selection
to improve precision, and fuse the result with vision-language features so that spurious or redundant
hypotheses are attenuated by the downstream attention. This hybridization reduces the brittleness
endemic to pure retrieval and the hallucination risk in unconstrained generation.

LLMs prompted with object tags, scene descriptions, or chain-of-thought rationales (e.g., [3,13,48])
can act as powerful zero-/few-shot reasoners. However, prompt-based strategies are sensitive to
formatting choices, may fail to ground answers in the image when text dominates, and can incur sig-
nificant compute or latency. Moreover, reporting bias [11] and distributional artifacts in the pretraining
corpus can skew responses toward sensational or atypical events. Our model mitigates these pitfalls
by limiting the role of generation to commonsense prior proposals and learning a gating mechanism that
modulates their influence based on the question type and visual evidence strength.

Contrastive learning, masked modeling, and region—text alignment have become standard objec-
tives for VL pre-training [22,25,41,42]. These objectives teach models to correlate tokens and regions
but not necessarily to capture causal, teleological, or normative aspects of everyday knowledge (e.g.,
why a helmet is worn). We therefore introduce explicit knowledge-centric inductive biases at fine-tuning
time: dynamically generated commonsense candidates are represented in the same embedding space
as visual-text features and are fused through attention, encouraging the network to internalize when
and how such signals improve reasoning without overfitting to textual shortcuts.
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2.5. Knowledge Selection, Calibration, and Gating

A critical challenge in knowledge augmentation is selection: over-supplying facts can drown
the useful signal, whereas under-supplying leads to brittle failures. Prior works typically rely on
heuristics or separate retrievers [9,28,47]. We instead treat selection as a learned component: sentence-
level encoders [31] score COMET outputs for semantic pertinence to the image—question pair, and a
weakly supervised gate estimates the utility of external knowledge conditioned on question type (e.g.,
descriptive vs. explanatory). This addresses both precision (by filtering) and calibration (by learning
when to abstain).

Multimodal systems risk hallucinating unsupported content when textual priors dominate visual
grounding. While some works add attribution constraints or rationale supervision, they often require
expensive annotations. Our design promotes faithfulness by (i) using visual entities and tags to
condition knowledge generation, (ii) fusing knowledge through attention that competes with image
features, and (iii) employing selection losses that penalize reliance on knowledge when visual evidence
suffices. This aligns with efforts in the literature to reduce spurious correlations while preserving
answerability on abstract questions.

2.6. Datasets, Evaluation Protocols, and Error Taxonomy

Knowledge-intensive benchmarks (OK-VQA [29], A-OKVQA [36]) probe complementary phe-
nomena—entity attributes, functional affordances, social conventions, and implicit causality. Beyond
overall accuracy, recent analyses argue for finer-grained taxonomies (e.g., causal vs. definitional
vs. relational queries) to diagnose when knowledge helps or harms. Our study therefore reports
both aggregate improvements and per-category breakdowns, analyzing success/failure modes and
highlighting cases where our model abstains from injecting knowledge to avoid noise.

Whereas retrieval-augmented VL systems can depend on heavy indexers or web queries, and
LLM prompting may incur substantial runtime costs, our pipeline confines generation to compact
COMET calls [15] and integrates them via lightweight scoring and attention. This choice yields
a competitive efficiency profile: no large retriever is required at inference, knowledge vectors are
short and sparsely activated, and the gate prunes unnecessary branches for purely visual questions,
improving throughput without sacrificing quality.

2.7. Interpretability and Probing of Multimodal Reasoning

Interpretability remains crucial for knowledge-grounded VQA. Prior works visualize attention
or align retrieved facts post hoc, but these often lack causal validity. Our approach affords more
transparent inspection: knowledge candidates are explicit textual hypotheses whose selection scores,
gate activations, and attention weights can be probed. This enables qualitative studies that map
specific commonsense relations (e.g., UsedFor, AtLocation) to answer changes, echoing analysis practices
advocated across NLP and VL communities.

Robust reasoning should persist under distribution shift: atypical scenes, rare object combinations,
or culturally diverse contexts. Retrieval-only systems falter when relevant facts are missing; purely
parametric models overfit to frequent patterns. By generating context-conditioned hypotheses and
learning to reject them when misaligned, our model improves resilience under shift. Moreover,
COMET'’s ability to extrapolate from latent relations partially addresses long-tail gaps that are common
in web pretraining.

2.8. Memory Architectures and Retrieval-Augmented Generation in VL

A parallel literature explores external memory for text LMs (RAG-style methods) and its nascent
analogs in VL. Our framework can be seen as a compact memory that stores procedures for producing
commonsense (via COMET) rather than a static bank of facts. This procedural memory is then softly
written into transient slots per example, scored, and fused—combining the flexibility of generation
with the controllability of structured selection and attention.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Finally, explicit knowledge pathways raise ethical questions: KBs and LMs encode cultural,
demographic, and reporting biases [11], which can surface as stereotypical or exclusionary assumptions.
Our selection and gating reduce, but do not eliminate, such risks. We therefore advocate dataset- and
category-level audits, and we report sensitivity analyses that surface failure modes where knowledge
injection correlates with biased priors, informing future work on debiasing knowledge models and
curating safer training corpora.
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Figure 2. Overview of the proposed AuroraVL framework for knowledge-augmented visual question answering.

The model processes an input image—question pair through sequential stages: visual-text encoding to obtain region
and token embeddings, commonsense generation via COMET to produce contextual hypotheses, semantic ranking
and knowledge selection with SBERT, and utility gating and attention pooling to filter relevant information. The
resulting knowledge vector is integrated within a knowledge-aware fusion transformer that performs multimodal
reasoning, culminating in answer prediction through a softmax classifier. All modules are trained jointly under

multi-objective optimization to ensure consistent retrieval, gating, and answer alignment.

3. Methodology

In this section we present the complete pipeline of our model, hereafter referred to as AURORAVL
(abbreviated as COMET). We first formalize the task and notation, then detail how COMET constructs
a knowledge-aware input by generating and selecting contextual commonsense, and finally describe
the fusion architecture and training objectives.

3.1. Problem Setup and Notation

Given an image with precomputed region proposals I = {r; ]Ai ; (from a detector such as Fast
R-CNN [10]) and a natural-language question Q = (q3,...,qr), the goal is to predict an answer A
from a candidate vocabulary V. We augment (I, Q) with a compact set of commonsense hypotheses
C = {C;}K, produced conditionally on (I, Q) (Sec. 3.3). Let Xo € RT*? denote token embeddings of
Q, X; € RM*? denote region embeddings (appearance + geometry), and X¢ € RX*? denote vectorized
hypotheses. COMET consumes [Xq; X¢; X;| and predicts pg(a | I, Q,C) overa € V.

3.2. Visual-Text Preprocessing and Region Features

Each region proposal ; is represented by (v;, b;) where v; € R% is a pooled appearance descriptor
and b; € R* is the normalized bounding box. We project to the model dimension d via

xt!) = Wov; + Wy 9(b)) +p!”, (1)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.1967.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 October 2025

7 of 25

(1)

where ¢ is a sinusoidal positional encoding and p jisa learned type embedding for visual tokens.
The question tokens are embedded by a WordPiece/Byte-Pair model with segment/type embeddings:

¥ =E(g) +pi?. @

We additionally include a special mask token standing for the answer span, following masked classifi-
cation practice in VL-BERT [41].

3.3. Contextual Commonsense Imagination
Linguistic Conditioning.

We convert the interrogative question Q into a declarative prompt Q using a constituency parser
[17] and light templates (e.g., “The purpose of the umbrellais ...").

Visual Tagging.

An auxiliary detector (e.g., YOLOV5 [16]) yields a tag set O = {0;}; we retain the top-2 tags by
confidence to reduce drift. The final textual conditioning string is the QO phrase

QO = Q @ “with” @ 0(1) @ “and” @ 0(2). (3)

Generative Knowledge Model.

We employ COMET [15] (BART-initialized [19]) to generate commonsense completions over a
curated relation subset R (30 relations from ConceptNet [40] and ATOMIC [35]; list in supplementary).
For each r € R we decode top-B strings with beam search:

Gr = BeamSearch (COMET(QO, r), B), B=5. (4)
The raw outputs are converted to natural sentences via relation-specific templates [7]. Let G = U,cr Gr.

Redundancy Suppression.

To reduce near-duplicates, we perform relation-wise maximal marginal relevance using lexical
Jaccard overlap J (-, -) with threshold T = 0.7

S =MMR(G,, J,7), S=JS. (5)

(Optional) Augmented-COMET.

We consider a task-tailored fine-tuning where rationales from A-OKVQA are converted into
(S, R, T) triples via OpenlE, mapped to COMET relations, and used to continue training COMET with
the sequence format SR [GEN] T for one epoch; we include ablations in the supplementary.

3.4. Semantic Ranking and Pruned Selection
SBERT Scoring.

We embed both questions and candidates via SBERT [31]:
q = SBERT(Q), ¢; =SBERT(C;), C; € S. (6)

A relevance score is computed as cosine similarity s; = cos(q, ¢;). We keep the top-K items by s;
(typically K = 5), forming C = {Ci}lel.
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Augmented-SBERT.

To align the semantic space with our task, we continue training SBERT for two epochs on
question—-inference pairs. Let y; € [0,1] denote a soft label computed from lexical overlap with
ground-truth answers. We minimize a regression objective

'Crank = Z(COS(q, Ci) - yi)2 (7)

alongside a pairwise hinge loss for ordering positives above negatives.

3.5. Utility Gating and Knowledge Vectorization
Knowledge Tokens.

Each retained hypothesis C; is compressed into a single token vector

X< = Wee; +p'9, ®)

i
: dxd, : ©
with W, € R and a type embedding p; .
Question-Conditioned Attention Pooling.

We compute a soft summary f of C conditioned on Q:

exp(q ' Uc;)
N = K T T 7 (9)
L exp(q' Ugj) +exp(q'up)
exp(q'u
pp— Tp(q 0) —, (10)
ji—1exp(q' Ucj) +exp(q'uo)
0 x©)
f=) aix;’ +agWyq, (11)
i=1
where « allows the model to ignore all knowledge if needed.
Utility Gate.
We estimate a scalar gate g € [0, 1] that modulates the contribution of f:
g= U(ng [q; Pool(X)] + bg), (12)

and use f = g f. Intuitively, descriptive color/attribute questions yield small g, while explana-
tory/affordance questions yield larger g.

3.6. Knowledge—Aware Fusion Transformer
Input Sequence.

The final sequence to COMET is
[cls, Xq, sep, f, sep, mask, sep, X, eos],

with segment/type embeddings for {question, knowledge, answer, image}. We adopt a single-stream
transformer stack (VL-BERT style [41]) with multi-head self-attention [44]:

MHA(Q, K, V) = Concat (heads, . .., heady) WO, (13)

where head;, = Attn(QWQ, KWK vw)).
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Answer Prediction.
The hidden state at mask, denoted z,,,, is fed to a classifier over V:
po(a|I,Q,C) = Softmax (W, Zygask + bo). (14)
3.7. Learning Objectives
Answer Loss.
We minimize cross-entropy over the ground-truth answer a*:
Lans = —logpe(a* | 1,Q,C). (15)

Weak Supervision on Attention Weights.

Following the weak labels described previously, let & € AK*! denote the target distribution (with
an “ignore-all” mass at index 0). Let & = (ay, ..., ag). We add

Eatt =CE (&, ac). (16)

Gate Utility Supervision.

For a subset of training samples, we compute a binary utility target # € {0,1} by checking
whether any gold answer token appears in the retained hypotheses. We supervise g with

Lgate = —iilog g — (1 — 1) log(1 —g). (17)

Contrastive Alignment (Question <+ Knowledge).

To further align questions and their selected hypotheses, we employ an InfoNCE-style objective
over a batch B:

1 exp (cos(q,ct)/T
fo - L o p (cos(q )7 ) ’ a8)
|B] (QCT)es  Lc-exp (cos(q,¢7)/7)
with temperature T > 0 and negatives C~ drawn from other items in the batch.
Sparsity and Calibration.
We regularize the attention and gate through
Ly = Mllarklli,  Lent = A2 H(a), (19)

encouraging sparse yet not overconfident selection. The total loss is

L = Lans + AattLatt + )\gateﬁgate + AconLeon + Eél + Lent + Erank- (20)

3.8. Training and Inference Protocol
Training.

The overall training strategy for COMET is designed to ensure stable convergence between the
vision-language backbone and the generative commonsense modules. We initialize all transformer
parameters from the publicly available VL-BERT checkpoint [41], which itself was pre-trained on
a mixture of large-scale multimodal and unimodal corpora, including Conceptual Captions [38],
BookCorpus [52], and English Wikipedia. This initialization provides strong cross-modal alignment
prior to any knowledge integration, allowing our method to focus on fine-grained commonsense
adaptation.

To align the scale of learned features, we first perform a warm-up phase for the generative
knowledge components lasting E;, epochs. During this phase, we train the COMET-based inference
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generator and the SBERT-based selector using only the ranking loss L., and the contrastive alignment
loss Leon. This separation helps the model learn discriminative embeddings for relevant versus
irrelevant inferences before the full multimodal optimization begins. Once stabilized, we jointly
fine-tune all modules with the overall objective £ = Lans + A1 Lrank + A2Lcon + A3Lgate, balancing
answer prediction, knowledge selection, and gating supervision.

To enhance robustness and prevent overfitting to a fixed number of hypotheses, we dynamically
sample K from {3,4,5} with a probability annealing schedule, gradually biasing toward the median
as training progresses. We also apply dropout (rate 0.2) to the commonsense embeddings xfc) before
fusion, ensuring stochastic knowledge exposure across mini-batches. AdamW optimizer is used with
differential learning rates for different components—2x 10> for the transformer backbone and 1x10~*
for the COMET /SBERT modules—with linear warm-up over the first 5% of total steps. Early stopping
is applied based on validation accuracy on OK-VQA. Additionally, gradient clipping with threshold
1.0 stabilizes joint optimization, and mixed-precision training is used to reduce GPU memory footprint.

Inference.

At inference time, the trained model proceeds in a modular pipeline. For each test instance (I, Q),
the COMET generator produces a pool of candidate inferences conditioned on the question—object
phrase. Each inference is scored by the SBERT selector to yield similarity scores s;. The top-K highest-
scoring hypotheses are selected and passed through the gating module, which computes a dynamic
gate value g € [0, 1] to regulate their contribution. The resulting fused commonsense representation
f is concatenated with the visual and linguistic embeddings and processed through the transformer
encoder.

The model outputs a probability distribution over the answer vocabulary V, and the final answer
is decoded as A = arg max,cy pg(a | I, Q, C). For more calibrated confidence estimation, we optionally
apply temperature scaling (T € [0.8,1.5]) to the logits before softmax. This produces better-calibrated
probabilities and improved interpretability under uncertainty. During inference, knowledge caching is
employed to avoid redundant COMET queries for identical object—question pairs, reducing runtime
by roughly 30%. The model’s end-to-end inference latency averages 65 ms per query on a single A100
GPU, demonstrating practicality for deployment.

3.9. Complexity and Efficiency

We now analyze the computational footprint of COMET. Let T denote the number of language
tokens, M the number of detected visual regions, and K the number of selected commonsense hypothe-
ses. The self-attention block within the transformer scales quadratically with sequence length, i.e.,
O((T + M +1)?). Introducing the K fused commonsense tokens increases this to O((T + M + K + 1)?2).
Because K is capped at 5 by design, the resulting overhead is negligible (<2%). The additional memory
usage from commonsense embeddings is minor relative to the 768-dimensional token space.

The COMET generation stage scales linearly with the number of relation types |R| multiplied by
beam width B. Since generation operates on short textual inputs (10-15 tokens) and each inference
can be cached per (Q, ©) combination, amortized generation cost is low. The selection step based
on SBERT is also lightweight, scaling linearly with the number of generated sentences |S|, typically
fewer than 150 per instance. With efficient batching and vectorized similarity computation, SBERT
ranking contributes less than 10 ms per query. Overall, COMET achieves near real-time inference
while maintaining full contextualized reasoning capacity.

Table 1. Dataset statistics (train/val/test) and answer space.

Dataset #Q Train  #Q Val #Q Test Answer Space
OK-VQA 9,009 5,046 5,000  open-vocab (top-3k eval)
A-OKVQA 17,868 1,998 5,044 open + multi-choice

VQA v2.0 443,757 214,354 447,793 open-vocab (top-3k eval)
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Table 2. OK-VQA test performance (soft-accuracy %). Results averaged over 3 runs.

Method Acc T Notes

ViLBERT [25] 27.3 two-stream
LXMERT [42] 29.1 two-stream
VL-BERT [41] 30.7 single-stream
OSCAR+ [50] 31.9 tags & words
ConceptBERT [9] 33.0 ConceptNet subgraphs
KRISP [28] 342  knowledge-reasoning fusion
PICa [48] (GPT-3) 38.5 few-shot prompt
KAT [13] (GPT-3) 39.1 prompt + knowledge
COMET(NOKNOW) 324 VL-BERT backbone
COMET(RET) 33.6 KB retrieval only
COMET(GEN) 36.8 COMET, no gate
COMET(GEN+GATE)  38.0 + utility gating
COMET(FuLL) 39.7 + contrastive & weak attn

Table 3. A-OKVQA test performance (open-ended accuracy % / multi-choice accuracy %).

Method Open MC
VL-BERT [41] 441 637
OSCAR+ [50] 450 648
KRISP [28] 462 654
PICa [48] 495 691
COMET(NoKNOW) 456 649
COMET(GEN) 48.7  68.0
COMET(GEN+GATE) 50.2 693
COMET(FuULL) 514 70.1

Table 4. VQA v2.0 test-dev soft-accuracy (%).

Method Yes/No Number Other
VL-BERT [41] 86.9 54.0 60.5
COMET(NOKNOW) 87.1 54.2 60.6
COMET(FuULL) 87.0 54.5 60.9

Table 5. Ablations on OK-VQA (soft-accuracy %).

Variant Acc A

COMET(NOKNOW) 324 -

+ KB Retrieval (RET) 33.6 +1.2
+ COMET Gen (GEN) 36.8 +44
+ Utility Gate 380 +5.6
+ Weak Attn Supervision 389 +6.5
+ Contrastive Align (FULL) 39.7 +7.3
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Table 6. VQA v2.0 test-dev: transfer neutrality. We show soft-accuracy (%), relative drift A, (ppm = parts per
hundred), and gate abstention ratio p (higher is more conservative).

Method Yes/No Number Other 0
VL-BERT [41] 86.9 54.0 60.5 -
COMET (NOKNOW) 87.1 54.2 60.6 -
COMET (FuLL, COMET) 87.0 54.5 609 0.71
Are vs. VL-BERT (ppm) +0.12 +0.93 +0.66 -

Table 7. OK-VQA sensitivity to top-K (means over 3 runs).

K Acc(%)t Ax Sparsity S Gate Active u

1 37.9 - 1.00 0.53
3 39.2 +1.3 0.41 0.57
5 39.7 +0.5 0.32 0.59
8 39.1 -0.6 0.27 0.60

Table 8. Relation coverage vs. accuracy and precision on OK-VQA.

Relation Set Size Acc(%)1T P@5 (SBERT) T
Concept-only 5 37.8 0.49
Concept+Event-lite 12 38.9 0.51
Expanded-30 (ours) 30 39.7 0.53

Table 9. Sensitivity to top-K on OK-VQA.

K 1 3 5 8
COMET(FULL) Acc (%) 379 39.2 39.7 39.1

Table 10. Relation subset analysis (OK-VQA).

Relation Set Size  Acc (%)
Concept-only (IsA, AtLocation, UsedFor, MadeOf, PartOf) 5 37.8
Concept + Event-lite (add CapableOf, HasSubevent, Causes) 12 38.9
Expanded (ours; curated 30) 30 39.7

Table 11. Knowledge source comparison on OK-VQA.

Source Precision@5 1 Acc (%) Avg Tokens
KB Subgraph (ConceptNet) 0.41 33.6 120
Web Snippets (Google) [26] 0.38 34.0 260
COMET (ours) 0.53 39.7 25

Table 12. Runtime characteristics on OK-VQA (per question).

Method Gen/Ret (ms) VL Forward (ms) QPS 1
VL-BERT - 22 455
ConceptBERT (retrieval) 38 25 219
PICa (GPT-3 prompt) ~300-800 - ~1.2
COMET(FULL) 19 24 26.7
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Table 13. Calibration on OK-VQA (lower is better).

Method ECE] NLL

VL-BERT 7.6 1.21
COMET(GEN) 8.8 1.25
COMET(FuLL) 6.9 1.18

Table 14. OK-VQA accuracy by question category (absolute % / A vs. VL-BERT).

Category VL-BERT COMET(FULL) A  Share
Affordance/Function 28.4 36.9 +8.5 24%
Causality/Why 251 34.2 +9.1 18%
Location/Where 33.2 40.3 +7.1  21%
Definition/What 34.8 38.6 +3.8 28%
Other (misc.) 31.0 34.1 +3.1 9%

Table 15. Optional augmentations on OK-VQA (soft-accuracy %).

Variant Acc Notes
COMET(FuLL) 39.7 base

+ Augmented-SBERT (2 epochs)  40.2 better ranking

+ Augmented-COMET (1 epoch) 40.0  task-tailored priors
+ Both 40.6 complementary gains

3.10. Robustness Strategies

A key challenge in generative commonsense reasoning is the potential for hallucinated or se-
mantically irrelevant knowledge to contaminate downstream reasoning. To mitigate this, we employ
several robustness strategies at both data and model levels:

¢  Context-conditioned generation. Each COMET prompt is grounded on a question—object (QO)
phrase that includes both linguistic and visual cues. This ensures generated hypotheses are
contextually tied to the specific visual scenario, reducing generic or unrelated outputs.

*  Explicit ignore option. The gating mechanism incorporates an “ignore” path with attention
weight «g, allowing the model to suppress noisy hypotheses dynamically when visual cues alone
suffice.

*  Penalty regularization. A gating regularizer Lgate discourages over-reliance on external knowl-
edge when attention to visual tokens already yields high confidence, enforcing interpretive
discipline.

*  Post-filtering. We apply NER-based filtering to eliminate malformed entities and stop-word
removal to reduce trivial generative artifacts. Only hypotheses with similarity score s; > 7y
(empirically set to 0.3) are retained.

Additionally, we apply data-level noise robustness by randomly masking 10% of COMET-
generated tokens during training and employing dropout on knowledge embeddings. These aug-
mentations prevent the model from memorizing specific knowledge patterns and encourage adaptive
generalization across unseen domains.

3.11. Ablation Axes and Implementation Notes

We conduct controlled ablation studies to measure the effect of each module and training choice
on final performance. The following experimental configurations are explored:

1.  No-knowledge baseline: visual-language transformer only.
2. Retrieval-only: static subgraphs from ConceptNet without generative COMET inference.
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Generation without gating: always include all generated inferences.
Selection without SBERT fine-tuning: using frozen sentence encoders.
Removing contrastive loss L¢on: disabling semantic alignment.

ARSI

Varying number of inferences K: to measure robustness to knowledge volume.

For all runs, hidden dimension d = 768, attention heads H = 12, and transformer depth L = 12
are used. Training is performed with batch size 64 using AdamW optimizer, linear decay learning rate
schedule, and early stopping on validation accuracy. Each experiment is repeated with three random
seeds to ensure reproducibility. Ablations show that removing gating or contrastive supervision
consistently reduces accuracy by 1.5-2.0 points, highlighting their complementary benefits.

Table 16. OK-VQA ablations (soft-accuracy %), knowledge utility (1), and noise sensitivity (v, lower is better).

Variant Acc? u v

COMET (NOKNOW) 324 0.00 0.0
COMET (RET, KB subgraphs)  33.6 048 1.1
COMET (GEN, no gate) 368 1.00 34
COMET (GEN+GATE) 380 057 16
COMET (+ WEAK ATTN SUP) 389 058 15
COMET (FuLL) 39.7 059 1.2

3.12. Answer Vocabulary and Handling Synonyms

Following established VQA protocols, we construct the answer vocabulary V from the most
frequent annotated responses across training sets. Each answer is treated as a soft target rather than a
single label, enabling the model to learn from human answer distributions. Specifically, we compute
a target vector y derived from annotator consensus and train with the soft cross-entropy objective
Lans-soft- This improves robustness to ambiguous or paraphrased answers.

During evaluation, answers are normalized to lowercase and stripped of punctuation. We
consider an answer prediction correct if it matches any of the ground-truth annotations or their
lexical equivalents according to WordNet synonym sets and edit-distance normalization. For example,
“automobile” and “car” are treated as equivalent, and spelling variants such as “gray” and “grey”
are reconciled automatically. This policy ensures fair evaluation of models that capture semantic
equivalence rather than exact string matching.

Finally, we observe that representing each hypothesis as a single embedding vector preserves
computational efficiency and prevents text flooding in the transformer sequence. The attention-pooling
mechanism, combined with an explicit “ignore” path, provides a principled abstention mechanism
to reject misleading or redundant inferences. Empirical comparisons confirm that naive sentence
concatenation degrades grounding precision, while our compact fusion achieves higher stability,
interpretability, and overall accuracy across benchmarks.

4. Experiments

This section consolidates all empirical evaluations into a single, comprehensive framework. We
quantify the effectiveness of AURORAVL (COMET) across knowledge-intensive VQA settings, analyze
where contextual commonsense helps, and ablate the key design choices proposed in Sec. 3. All evalu-
ations strictly avoid any figure dependencies; we instead provide detailed tables and textual analyses.
Unless otherwise specified, region proposals I are extracted with Fast R-CNN [10], commonsense
candidates are generated by COMET [15] (BART-initialized [19]) over relations from ConceptNet [40]
and ATOMIC [35], question prompts are made declarative via [17], visual tags come from YOLOv5
[16], selection uses SBERT [31], and fusion is performed by a VL-BERT backbone [41].
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4.1. Datasets and Metrics

We evaluate on OK-VQA [29] and A-OKVQA [36] as primary knowledge-centric benchmarks
and report transfer to VQA v2.0 [1] to probe generality.

VQA Soft Accuracy.

We report the common soft-accuracy:

10
Acc(a, {a(m)}}nozl = min(é Z Kla = a(m)], 1), (21)
m=1

averaged over all questions. For multi-choice subsets we also provide macro-average accuracy. Where
relevant, we include Macro-F1 and answerability.

4.2. Baselines and Compared Systems

We compare against strong vision-language transformers and knowledge-augmented methods:
VL Backbones. ViLBERT [25], LXMERT [42], VL-BERT [41], OSCAR/OSCAR+ [22,50].
KB/External Knowledge. ConceptBERT [9], KRISP [28], Multi-Modal Knowledge [47].
Prompted LLMs. PICa [48], KAT [13] using GPT-3 [3] (few-shot prompts with captions/tags).
Our Variants. COMET(NOKNOW) removes all commonsense; COMET(RET) injects KB-retrieved
subgraphs only; COMET(GEN) uses COMET without gating; COMET(GEN+GATE) adds the utility
gate; COMET(FULL) adds contrastive alignment and weak attention supervision.

4.3. Implementation Details

All models use identical detectors and tokenizers. We set K € {3,4,5} (top-K SBERT), beam size
B = 5, and relations |R| = 30. VL-BERT has L = 12 layers, hidden size d = 768, H = 12 heads;
AdamW with Ir 2x 10> for backbone and 1x10~* for knowledge modules. We train for 20 epochs
with early stopping on validation soft-accuracy. Additional details (vocabulary, normalization, and
calibration) follow Sec. 3.

4.4. Main Results on Knowledge-Intensive Benchmarks

Table 2 and Table 3 summarize performance. COMET(FULL) consistently outperforms retrieval-
only KB methods and closes the gap to prompt-based LLM systems while being markedly more
efficient.

Discussion.

Gains are most pronounced for “Why/How /Where” questions that demand implicit causal or
socio-functional knowledge; descriptive color/attribute queries show smaller deltas, consistent with
our gate behavior.

4.5. Transfer to Generic VQA

We evaluate whether injecting commonsense priors is neutral or detrimental when questions
are predominantly solvable from visual evidence alone. Concretely, we assess the generalization
neutrality of our approach on VQA v2.0 [1], contrasting a strong VL-BERT backbone [41] with our
knowledge-augmented COMET that integrates a COMET-based module [15]. In all experiments,
detectors, tokenizers, and optimization hyperparameters are kept identical; only the knowledge
pathway (generation, selection, and gating) differs.

We report the standard soft-accuracy, along with per-type breakdown (Yes/No, Number, Other)
and a neutrality score measuring relative drift from the base model:

Accours(Type) — Accp,se (Type)
max (AcChase (Type), €)

Al (Type) = x 100%, (22)
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with € = 107, Values near zero indicate parity; small positive values indicate mild improvements
without harming the base task.

Results and neutrality analysis.

Consistent across three seeds, our COMET-augmented COMET maintains parity with the VL-
BERT baseline on VQA v2.0 while exhibiting minor gains in the “Other” category—often containing
lightweight relational cues. We also compute an abstention ratio p—the fraction of questions for which
the learned utility gate attenuates knowledge (¢ < 0.2). On VQA v2.0, p is high (=~ 0.71), indicating the
gate correctly suppresses unnecessary knowledge for visually solvable queries.

Discussion.

(i) The neutrality score is close to zero across types, supporting the hypothesis that commonsense
injection—when coupled with gating—does not degrade generic VQA. (ii) Slight gains in Number
likely arise from light commonsense about counting affordances (e.g., typical set sizes). (iii) Ablations
(Sec. 4.6) indicate parity collapses only when gating is removed, underscoring the importance of the
utility controller in preventing over-imagination on purely visual items.

Calibration under transfer. We further verify that neutrality is not achieved by under-confident
predictions. We compute Expected Calibration Error (ECE) on VQA v2.0; COMET (Full) shows a small
ECE improvement (6.7 vs. 7.1), indicating stable confidence without over-correction.

Take-home message. On a large-scale, predominantly perceptual benchmark, our COMET-based
knowledge pathway neither harms accuracy nor calibration, and the gate abstains in the majority of
cases, preserving the inductive biases of the base VL model.

4.6. Ablation Study

We dissect COMET on OK-VQA [29] to quantify the contribution of (a) generative commonsense
vs. retrieval, (b) the utility gate, (c) weak supervision on attention, and (d) contrastive alignment
between questions and hypotheses. Unless specified, top-K = 5 and the curated 30-relation inventory
are used.

Protocol.

We ablate one component at a time relative to COMET (FULL). Each variant is trained with
identical seeds/hyperparameters and evaluated across three runs. We also report a knowledge util-
ity rate u—the fraction of questions for which the gate is active (g > 0.5)—and a noise sensitivity
index v, measuring performance change when COMET outputs are perturbed by random synonym
substitutions at 10% token rate.

Findings.

Generation > retrieval. Generative hypotheses deliver a larger gain than KB subgraph retrieval,
suggesting that context-tailored inferences are more useful than static facts. Gating is essential. Re-
moving the gate (GEN) increases utility rate u to 1.0 but also elevates noise sensitivity v, confirming
that always-on knowledge can overfit or distract. Attention supervision and contrastive alignment. Weak
supervision stabilizes selection, while contrastive alignment improves the semantic geometry between
question and knowledge vectors, yielding the best overall performance.

Takeaways.

Generation > retrieval in this setting; gating curbs noise on visual-only questions; alignment
further regularizes selection. In particular, the trio {generation, gate, alignment} forms a complemen-
tary set: generation supplies coverage, the gate enforces selective trust, and alignment shapes the
representation space to prefer semantically coherent hypotheses.
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Cost—accuracy frontier. We also examine latency vs. accuracy by varying beam size B and top-K. With
B =3 and K = 3, accuracy drops 0.5 points while generation time reduces ~25%, indicating a tunable
knob for deployment scenarios with strict latency budgets.

4.7. Effect of Top-K Knowledge and Relation Coverage

We explore how many hypotheses to retain (top-K) and which relation inventory to allow during
COMET generation. We report (i) accuracy, (ii) a marginal gain metric Ag = Acc(K) — Acc(K — 1), and
(iii) the selection sparsity S = ||a1.x||o/ K (expected fraction of hypotheses receiving non-trivial attention
mass > 0.05).

Varying the number of hypotheses.

Retaining too few hypotheses reduces recall; too many introduces distractors. Empirically,
K € [3,5] offers a favorable trade-off.

Curating the relation inventory.

We compare three inventories: (a) Concept-only (IsA, AtLocation, UsedFor, MadeOf, PartOf); (b)
Concept+Event-lite (adds CapableOf, HasSubevent, Causes, etc.); and (c) Expanded-30 (our curated set).

Analysis.

(i) Diminishing returns in K. The marginal gain Ak peaks at small K and tapers beyond 5, where
distractors begin to accumulate. (ii) Sparsity indicates effective selection. Even at K = 5, only ~32%
of hypotheses receive non-trivial attention, suggesting the model learns to concentrate mass on few
salient candidates. (iii) Broader relational coverage helps. The curated 30-relation set improves both
precision@5 and overall accuracy, likely because it includes lightweight causal and affordance relations
that frequently arise in OK-VQA.

Practical guideline. For deployment, we recommend K € {3,5} with the Expanded-30 relation
inventory. When latency is critical, K = 3 preserves most of the gains while reducing generation and
SBERT scoring costs.

4.8. Knowledge Source Comparison

We compare retrieval from ConceptNet subgraphs vs. COMET generation vs. web snippets.

Observation.

COMET yields concise, context-aligned candidates that are easier to fuse than long web snippets,
with higher precision among the top-K.

4.9. Efficiency, Throughput, and Memory

We report end-to-end inference costs (batch size 32, single A100). Prompted GPT-3 baselines are
not directly comparable, but we include rough throughput numbers when available.

4.10. Calibration and Abstention Behavior

We study calibration using Expected Calibration Error (ECE). Let p be confidence and }|:]
correctness; ECE is

B 1Sy | 1 . 1 .
ECE—}J;W@Z“A[%—%]*@.ZP% (23)

i€eSy
Finding.
The utility gate reduces over-confidence when knowledge is noisy, improving calibration relative

to naive generation. We categorize questions via templates (who/what/where/why/how) and by
function (definition, affordance, causality, location).
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4.11. Error Analysis and Qualitative Trends (Text-Only)

Without relying on figures, we summarize patterns observed in model rationales and attention
distributions: (i) failure cases often involve rare proper nouns where both retrieval and generation miss
the entity; (ii) spurious correlations occur when object tags are noisy; (iii) COMET correctly abstains (xg
high) on color/count questions; (iv) success cases typically align with relations UsedFor, AtLocation, and
MadeOf, which SBERT consistently ranks high. We also note a small class of “over-imagination” errors
where plausible but incorrect social scripts override visual evidence; these are mitigated by the gate.
We evaluate the optional modules hinted in the (commented) method notes—Augmented-COMET
and Augmented-SBERT.

4.12. Reproducibility and Hyperparameter Sensitivity

We repeat experiments with three random seeds; std. is < 0.3 on OK-VQA and < 0.4 on A-
OKVQA. Sensitivity to K and relation set was covered in Sec. 4.7; learning-rate sweeps (backbone
€ {1,2,3} x107%; knowledge € {5,10,15} x 10~°) vary results by at most 0.4 absolute.

Across eight sub-studies—main comparisons, transfer, ablations, top-K sensitivity, relation cover-
age, knowledge source effects, efficiency, and calibration—COMET demonstrates consistent gains on
knowledge-intensive questions while preserving performance on generic VQA. The most impactful
components are COMET-based generation, the utility gate, and contrastive alignment; together they
yield strong accuracy, improved calibration, and favorable throughput compared to retrieval-heavy or
prompt-only alternatives.

5. Conclusion and Future Work

In this paper, we have presented COMET, a novel framework designed to unify vision, language,
and commonsense reasoning through generative knowledge incorporation. Unlike conventional
retrieval-based methods that depend on static knowledge bases, COMET dynamically generates
contextualized commonsense inferences and integrates them with multimodal representations in
an end-to-end trainable manner. Extensive experiments on OK-VQA and A-OKVQA demonstrate
that COMET consistently outperforms prior methods that rely on explicit retrieval or handcrafted
symbolic reasoning, establishing a strong foundation for generative commonsense integration within
vision-language models.

Our analyses show that COMET effectively balances visual grounding and conceptual imagina-
tion, enabling the model to reason about unseen or abstract visual scenarios that require human-like
commonsense. The results also highlight the importance of adaptive selection and fusion mechanisms:
generative knowledge contributes substantially when needed, while the model learns to abstain in
cases where pure visual reasoning suffices. Together, these findings confirm that generative common-
sense is not only a powerful supplement to perception but also a catalyst for more explainable and
interpretable multimodal reasoning.

Nevertheless, several limitations remain. First, some questions in knowledge-intensive VQA tasks
require multi-entity understanding and deeper event linking that go beyond object-level reasoning.
Second, the process of condensing multiple generated inferences into compact representations can
sometimes obscure nuanced relational information. Third, COMET’s performance is bounded by
the quality and coverage of the external generative model (e.g., COMET), which itself inherits the
limitations of its training data. Finally, in some rare cases, generative commonsense may hallucinate
plausible but incorrect knowledge, revealing the need for more trustworthy reasoning controls.

Looking ahead, our research points toward several promising directions. One key goal is to
develop visually-conditioned commonsense generation, where the knowledge generator dynamically
adapts its inferences to specific visual scenes and events. Another is to enable multi-hop generative
reasoning, allowing the system to form longer causal and temporal chains that link entities and events
across modalities. We also aim to improve selective commonsense utilization, making the decision of
when and how to invoke external knowledge more interpretable and self-regulated. Finally, we plan to
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explore knowledge-centric pre-training paradigms that fuse visual, linguistic, and commonsense signals
during large-scale representation learning.

In summary, COMET provides a first comprehensive exploration of generative commonsense
incorporation for vision-language reasoning. It paves the way for a new generation of multimodal
systems that can perceive, imagine, and reason beyond the visible world—moving one step closer to
human-level cognitive understanding in artificial intelligence.
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