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Abstract

Multimodal reasoning in Large Language Models (LLMs)
struggles with incomplete knowledge and hallucination ar-
tifacts, challenges that textual Knowledge Graphs (KGs)
only partially mitigate due to their modality isolation.
While Multimodal Knowledge Graphs (MMKGs) promise
enhanced cross-modal understanding, their practical con-
struction is impeded by semantic narrowness of manual
text annotations and inherent noise in visual-semantic en-
tity linkages. In this paper, we propose Vision-align-to-
Language integrated Knowledge Graph (VaLiK), a novel
approach for constructing MMKGs that enhances LLMs
reasoning through cross-modal information supplementa-
tion. Specifically, we cascade pre-trained Vision-Language
Models (VLMs) to align image features with text, transform-
ing them into descriptions that encapsulate image-specific
information. Furthermore, we developed a cross-modal
similarity verification mechanism to quantify semantic con-
sistency, effectively filtering out noise introduced during
feature alignment. Even without manually annotated image
captions, the refined descriptions alone suffice to construct
the MMKG. Compared to conventional MMKGs construc-
tion paradigms, our approach achieves substantial storage
efficiency gains while maintaining direct entity-to-image
linkage capability. Experimental results on multimodal rea-
soning tasks demonstrate that LLMs augmented with VaLiK
outperform previous state-of-the-art models. Our code is
published at https://github.com/Wings-Of-Disaster/VaLiK.

1. Introduction

Recent advancements in Large Language Models
(LLMs) [2, 9, 25, 65] have demonstrated their superiority
and versatility across various Natural Language Reasoning
(NLR) tasks [8, 43, 53, 58]. To enhance LLMs into the

*Corresponding author.

981

Extraction Model

I

[Image]

Entity Extraction

Entity Sets

Extraction Model

Train l

Multimodal data with predifined labels E

[A man] E
[pierced | |

ears] H
[glasses] | |

_—)[gauges] H 2o X
' X3, hat

fan | 1| man

H Ow_y O
orange | |
H
H
H

hat]

Blitz orange

' '
\Actual semantic: A man with glasses is wearing a beer can ,
' '
icrocheted hat. A man with gauges is wearing a Blitz hat. A !
\man in an orange hat starring at something. '

Figure 1. (a) Training entity extraction models relies on extensive
fine-grained annotations, increasing labeling costs. More exam-
ples are provided in Appendix B. (b) Capturing implicit semantic
associations demands abstract comprehension or logical inference.

realm of multimodal reasoning, researchers [64, 71, 74, 79]
have endeavored to equip these models with multimodal
capabilities, as evidenced by advancements in Multimodal
Large Language Models (MLLMs) such as BLIP-2 [40],
GPT-40 [32], Janus-Pro [13], among others. Despite
their notable progress, these models often experience
hallucinations [5, 34], primarily arising from knowledge
deficiencies due to incomplete or obsolete information.


https://github.com/Wings-Of-Disaster/VaLiK

Fine-tuning LLMs demands prohibitive computational
costs [31]. While text-based Knowledge Graphs (KGs) have
partially addressed this limitation by efficient real-time up-
dates [6, 62, 72], they are still restricted by modal isola-
tion, which hinders cross-modal reasoning, as detailed in
Appendix A. To bridge this semantic fragmentation, Multi-
modal Knowledge Graphs (MMKGs) have been developed
as unified representational frameworks [10, 33, 38, 45].

However, constructing robust MMKGs faces two pri-
mary obstacles [15, 89]. First, the lack of large-scale
fine-grained entity-image corpora makes it infeasible to
train high-quality entity extractors, significantly constrain-
ing scalability, as illustrated in Figure la. Second, conven-
tional visual relation detectors primarily identify superficial
spatial interactions instead of semantic relations consistent
with KGs, while frequently hallucinating implausible con-
nections that corrupt graph integrity, as shown in Figure 1b.

In this paper, we propose VaLiK, short for Vision-align-
to-Language integrated Knowledge Graph, a novel frame-
work designed to empower LLMs with advanced multi-
modal reasoning. Unlike traditional methods that rely
on text annotations for training extraction models and
the knowledge construction process [54], VaLiK adopts a
annotation-free approach to MMKGs construction. Specifi-
cally, we first employ several pretrained Vision-Language
models (VLMs), designed based on Chain-of-Experts
(CoE) principles [73], to convert visual inputs into image-
specific textual descriptions through cross-modal feature
alignment. This procedure eliminates the need for manu-
ally annotated image captions in both the knowledge extrac-
tion and construction phases while preserving visual details
typically missing in generic text descriptions. Moreover,
in contrast to existing relation detection methods that re-
quire predefined label taxonomies [16, 60, 81, 84], VaLiK
excels at extracting profound semantic relationships that are
both KG-compatible and capture novel associations beyond
training supervision. While VLMs enable cross-modal rea-
soning and interpretation, they introduce spurious relational
noise through hallucinated inter-modal attributions, as de-
picted in Figure 2. We address this limitation through cross-
modal similarity recalibration, strategically filtering incon-
sistent information while preserving valid semantic corre-
spondences. Finally, the purified descriptions are system-
atically organized into MMKGs via LLM-driven symbolic
structuring [27], bridging visual and textual domains with
factual consistency.

To thoroughly evaluate the VaLiK method, we conduct
a comprehensive assessment across two critical multimodal
benchmarks: multimodal classification (tested on the Cri-
sisMMD dataset [3]) and multimodal question answering
(evaluated via the ScienceQA benchmark [47]). The exper-
iments span diverse LLM architectures and MMKG con-
struction techniques to ensure the framework’s robustness.

982

E [Image] i —
: : Adult seagull standing on a ledge against a
blue background. Features include a white
head, grey and white plumage, an orange
beak, and pink legs. Photo taken from an
lelevated angle. The tail appears straight, not|
slightly wavy. This is a regular photo with a
size of 1024px and created by David G.
Sorensen. There's no fanfare in the ...

VLMs

iPrompts
—

l Embedding

[
This is a regular photo with a size of 1024px
@ Misleading [and created by David G. Sorensen. There...

and useless

ledge plumage Irrelevant and false noise _......._......

1255 Image of
| — Attribute of |

Figure 2. Feature-aligned descriptions from VLMs introduce re-
dundant and inaccurate relationship patterns.

The experimental results demonstrate that the MMKGs con-

structed by VaLiK achieve superior multimodal reasoning

performance in LLMs while requiring substantially less
storage than conventional approaches. More importantly,
the proposed approach retains direct entity-to-image link-
age capabilities even with the compressed graph structure.

In summary, VaLiK is the first framework that enables
end-to-end, annotation-free, zero-shot, and storage-efficient
multimodal knowledge construction with high adaptability
and scalability. Our key contributions include:

* To the best of our knowledge, VaLik is the first end-to-
end framework to build Annotation-Free MMKGs to im-
prove LLMs’ multimodal reasoning capabilities, effec-
tively eliminating the need for manually annotated tex-
tual material and enabling a completely autonomous mul-
timodal knowledge generation process.

* We offer an innovative zero-shot method for constructing
MMKG that captures deep semantic connections beyond
traditional predetermined labels with an effective verifi-
cation system that guarantees the accuracy of these rela-
tionships. The knowledge distillation paradigm greatly
decreases storage while maintaining semantic integrity.

* We develop a highly modular and extensible architecture
that allows VaLiK to effortlessly incorporate new models
and workflows for specialized domain tasks, facilitating
rapid adaptation to diverse application scenarios without
incurring expensive system changes.

2. Related Work

2.1. Multimodal Knowledge Graphs

The principal advantage of MMKGs resides in their mul-
timodal integration beyond conventional KGs. By linking
entities with corresponding visual or textual data, MMKGs
introduce valuable visual and textual information to the
knowledge base, substantially advancing multimodal rea-
soning capabilities. This combination addresses core chal-
lenges in tasks that inherently demand multimodal synergy



like autonomous driving [26, 28], image-text retrieval [23,
86] and robotic manipulation [51, 57]. However, construct-
ing trustworthy MMKGs with minimal manual effort re-
mains a critical challenge. Recent studies have proposed in-
novative strategies to enhance MMKG reliability and utility.
For instance, Chen et al. [12] proposed MSPT, a framework
addressing continual MMKG construction through gradient
modulation for balanced multimodal learning and attention
distillation to mitigate catastrophic forgetting. Song et al.
[60] developed Scene-MMKG, integrating knowledge en-
gineering with large language models to improve robotic
manipulation by resolving data sparsity and knowledge un-
certainty. Wang et al. [69] introduced TIVA-KG, the first
quad-modal knowledge graph spanning text, image, video,
and audio with triplet grounding, empirically validating its
effectiveness in downstream tasks. While these advances
enhance multimodal reasoning capabilities, their efficacy
remains rooted in resource-intensive paradigms, requiring
extensively annotated datasets for knowledge acquisition.

2.2. Knowledge-Augmented Multimodal Learning

Multimodal learning has seen significant progress in align-
ing and integrating information across different data modal-
ities [7, 44, 75]. The incorporation of structured knowledge
through MMKGs further enhances these approaches, im-
proving the reasoning capabilities and generalization across
a variety of domains, such as visual question answer-
ing [50, 59, 67], recommendation systems [17, 61, 70], and
classification [30, 55, 83]. Methods like GraphAdapter’s
dual-KG adaptation [41] and contrastive multi-relational
encoding with KGs [22] inject external knowledge into
models, refining their performance and improving their ca-
pability to handle complex tasks. Additionally, Lee et al.
[38] proposed MR-MKG, a novel framework that constructs
task-specific MMKGs to enhance multimodal reasoning in
LLMs. These knowledge-augmented paradigms demon-
strate superior cross-modal semantic grounding compared
to unimodal approaches [ 14, 35]. However, their reliance on
preconstructed MMKGs often leads to domain discrepan-
cies, where generic knowledge schemas misalign with task-
specific reasoning patterns, ultimately limiting contextual
precision in target applications.

2.3. Multimodal Large Language Models

The limitations of text-only LLMs in meeting increasingly
complex demands have spurred extensive research [78, 82,
85] into developing LLMs capable of effectively process-
ing and reasoning over multimodal inputs. Current research
predominantly employs adapter or projection layers to con-
nect the embedding spaces of various modality-specific en-
coders with the textual embedding space of LLMs [38]. For
instance, foundational models like CLIP [56] and BLIP [39]
pioneered cross-modal alignment by jointly training vision
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and text encoders to map images and text into a shared
embedding space. Building on this, LLaVA [42] and
Flamingo [4] advanced the field by integrating visual en-
coders with LLMs, enabling more nuanced multimodal un-
derstanding and generation. More recently, Gemini [63],
Qwen2-VL [68] and GPT-40 [32] have further pushed the
boundaries by scaling up multimodal pretraining and in-
troducing sophisticated mechanisms for cross-modal inter-
action. However, multimodal LLMs remain prone to hal-
lucinations. While they enhance cross-modal alignment,
they neither acquire new knowledge nor avoid introducing
noise through integration. To address these limitations, Va-
LiK uses the master’s tools to refine the master’s craft,”
first constructing MMKGs via MLLMs and then leveraging
them to enhance MLLMs’ reasoning capabilities.

3. Method

In this section, we present the technical details of VaLiK.
VaLiK introduces a novel expansion-reduction paradigm for
visual knowledge extraction. The architecture initially orga-
nizes several VLMs with distinct knowledge domains, de-
signed based on CoE principles [73], to produce compre-
hensive textual descriptions encompassing hierarchical vi-
sual details. A cross-modal similarity verification mecha-
nism then iteratively filters out noisy tokens through cross-
modal alignment while preserving semantically salient ele-
ments. This optimization-style approach eliminates exter-
nal textual dependencies while enabling effective MMKG
construction. VaLiK’s framework is shown in Figure 3.

3.1. CoE-based Visual to Language Modeling

Recent entity detection techniques [19, 80, 90] have been
widely adopted for entity and relation extraction in MMKG
construction. However, these methods are inherently lim-
ited by predefined categorical boundaries, lacking the ca-
pacity to recognize visual concepts outside their training
vocabulary. In contrast, VLMs pretrained on web-scale cor-
pora [11, 40, 88] exhibit broader recognition capabilities
through exposure to diverse visual concepts.

We therefore leverage pretrained VLMs to extract com-
prehensive visual information. This process removes the
necessity for detailed fine-grained data typically required to
train specialized recognition models. The generalized vi-
sion to language conversion pipeline can be formalized as:

§ = D (A(E(D) ) M

where I denotes for the input image, &5 denotes the vi-
sual encoder extracting visual features, A carries out cross-
modal feature alignment and interaction, and Dy generates
textual tokens through autoregressive decoding. The result-
ing visual description S = {wy, ..., w, } emerges from this
multi-stage processing.
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Figure 3. The pipeline of VaLiK: First, large-scale visual descriptions are generated using CoE-based VLMs. Then, a similarity verification
mechanism is used to prune irrelevant information. Finally, MMKGs are constructed using LLMs based on LightRAG. The constructed
MMKGs can assist LLMs in multimodal reasoning, alleviating the hallucination issues caused by incomplete knowledge.

However, quantitative analysis uncovers considerable
discrepancies between machine-generated and human-
annotated descriptions [87]. As an illustration, while uti-
lizing BLIP-2 [40] to generate sample captions, we noted
that the model outputs are markedly concise and devoid of
visual specifics, as detailed in Appendix C. To bridge this
gap, we implement CoE enhanced generation through cas-
cade VLMs processing. At iteration step ¢, each expert F;
receives both the original visual signals I and the contextual
output from the preceding expert F;_1:

s =k (1,813"), 2

where Sf:l) denotes the description from expert F;_; at
step t — 1, with S(()t) := o for initialization.
Specifically, each expert F; implements a unified visual-
language processing task:
1. Visual Feature Extraction:
V, = Encf,iS

(I) € R >N, 3)

where Enc’;_ denotes established visual encoder [20, 29,
46] producing N,, patch embeddings with dimension d,.
2. Cross-Modal Interaction and Generation:
VLMs integrate pretrained learnable query embeddings
Q; € R%*La to interact with visual features V; €
R *Np yia cross-attention [66]:

H,; = CrossAttn(Q;, V)
QWi (V,wy)T

Vdy

where Wfl € Rdaxdk W};, Wj, € Rdvxdr gpnd L, de-
notes the predefined query length. Cross-attention serves

“4)

softmax VWi,
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as a prevalent approach, while other interaction strate-

gies coexist [4]. The adopted VLMs in our implementa-

tion primarily rely on this approach for modality fusion.
3. Text Generation:

The text encoder Enc’,,, first processes the preceding ex-

)

pert’s output Si(t:ll into latent features:

P, = Enc.(S!7") € R%*E, (5)

Subsequently, the text decoder Decl,,, synthesizes the fi-
nal output Si(t) by jointly conditioning on P; and H;:

SY = Decl (Pi, H,) = {w" ... wltD}y.  (6)
Ultimately, the final textual description SJ(VC) is obtained af-
ter C' iteration steps through IV cascaded experts.

3.2. Cross-Modal Similarity Verification

To address noise in VLM-generated captions, we design a
sliding window mechanism with semantic consistency veri-
fication. This method ensures that only relevant and seman-
tically consistent segments are retained in the final descrip-
tion. Let W}, denote the k-th window containing m consec-
utive tokens {Wm41, -, Wikt1)m }- For each window, we
compute its cross-modal similarity score:

_ Ency;s (I) - Enciex (Wk)
[Encyis (T) | [Enciex (W) ||

)

€75

where ENCy;s/teqrt(-) adopts a lightweight CLIP [58]
encoder-decoder with frozen parameters for efficient pro-
cessing. The similarity score oy, lies within the range [0, 1],
with higher values indicating a stronger alignment between
the visual and textual information.



After calculating the cross-modal similarity for each
window, we employ an empirical threshold 7 to filter out
low-similarity windows. This threshold helps to identify
and discard noisy or irrelevant sections of the generated cap-
tion that do not align well with the visual content, thereby
reducing the impact of inaccurate or misleading descrip-
tions. Formally, for each window Wy, if a < 7, the win-
dow is discarded as noise. This process effectively prunes
windows with low similarity scores, ensuring that only se-
mantically meaningful segments remain. The final denoised
description S is obtained by concatenating all windows W,
for which o, > 7:

®)

Our window size m is flexibly determined and generally
adapts dynamically to natural sentence segmentation.

3.3. MMKG Construction for Enhanced Reasoning

LLMs have become increasingly popular for identifying en-
tities, relationships, and attributes within a corpus, which
are then organized into a KG. The strength of LLM-based
KG generation lies in its capacity to leverage the vast
amount of knowledge encoded within these models, allow-
ing them to detect complex and nuanced patterns across di-
verse data sources. This approach eliminates the need for
manual annotation, enabling a highly scalable and domain-
adaptive process suitable for a wide range of applications.

We begin by refining the generated textual description
S (VLM-based information), which is then optionally con-
catenated with any available external textual knowledge T’
to form the input for KG generation. This combined input is
used to generate MMKGs with the help of a LLM [21, 27],
leveraging its capacity for multi-hop reasoning and dynamic
knowledge integration.

G =LLM (S‘@T), )
where @ denotes optional concatenation based on the avail-
ability of T'. The resulting graph G captures both visual and
textual relationships inferred by the LLM.

We define G as a set of triplets:

G=A(h,rt)[ ht €& reR}, (10)

where £ and R denote the sets of entities and relations. En-
tities include objects or concepts from the image or external
text, while relations describe connections such as “is a type
of,” “part of,” or “has property.” Each triplet (h, r,t) links a
head entity h and a tail entity ¢ via relation 7.

Multimodal Reasoning Enhancement. To support mul-
timodal reasoning, we retrieve relevant triplets from G
through structural patterns during LLMs inference:

G, = Retrieve(q, G), (11)
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where Retrieve(-) denotes a retrieval strategy that identifies
subgraphs relevant to the query for reasoning. Detailed re-
trieval strategies are described in Appendix D.

The augmented prompt integrates multimodal evidence:

U

(h,rt)€G,

Paug = ¢ || ( [h]—r—1t]). (12)

Note that we incorporate the storage locations of images
in the database during MMKGs construction, enabling the
MMKG:s to link to visual data. VaLiK enables text-only
LLMs to perform multimodal reasoning through G’s visual
associations, while VLMs refresh knowledge representa-
tions by jointly injecting both visual and textual informa-
tion, significantly mitigating hallucination risks.

4. Experiment
4.1. Setups

Evaluation Datasets. We evaluate VaLiK on two multi-

modal reasoning benchmarks with distinct characteristics:

e CrisisMMD [3]. This real-world disaster response
dataset includes around 35,000 noisy social media post-
ings with paired images and text, each annotated for seven
catastrophe categories and four severity levels. Its real-
istic user-generated content with natural noise and im-
plicit modality correlations provides a rigorous testbed
for zero-shot adaptation, with good performance indicat-
ing practical relevance in real-world crisis scenarios.

e ScienceQA [47]. This dataset contains 21,208 multi-
modal science questions combining textual and visual
contexts, with 48.7% of instances containing images.
Questions span physics, chemistry, and biology domains,
requiring cross-modal reasoning between textual con-
cepts and visual diagrams. Additionally, ScienceQA of-
fers image captions to aid text-only LLMs in reasoning,
allowing a comparison of unimodal approaches.

Task Formulation. For CrisisMMD, we define three mul-

timodal classification tasks': (1) binary information rel-

evance filtering, (2) fine-grained humanitarian category
recognition, and (3) a consolidated taxonomy with merged
categories to reduce label complexity. We omit the uni-
modal damage assessment to focus on multimodal aspects.

For ScienceQA, we follow the original evaluation using

multiple metrics: question types, contextual modalities, and

educational stages. Performance is assessed through accu-
racy percentage across these categories.

Baselines. We conduct a comprehensive evaluation of text-

only LLMs, multimodal VLMs, and KGs that enhance

LLM:s in multimodal reasoning.

* For CrisisMMD, we compare text-only LLMs us-
ing few-shot prompting (LLaMA-2 [65], GPT-4 [2],

I'This setting references the repository GitHub and Abavisani et al. [1]


https://github.com/PaulCCCCCCH/Multimodal-Categorization-of-Crisis-Events-in-Social-Media

Text-only LLMs

KG-Enhanced LLMs

Task
LLaMA-2 GPT-4 DeepSeek-R1 Qwen2.5 LightRAG VaLiK
7B 13B 70B - 7B 8B 32B 70B 7B 32B 72B Text-only  Image-only  Text-Image
Task 1 6232 63.80 63.15 6683 6723 6331 63.61 6553 6504 6728 67.95 67.49 69.52 68.90
Task 2 1832 21.82 2887 4725 2653 2549 2477 21.05 4452 4694 50.51 45.11 49.54 50.02
Task 2 Merged 2145 33.15 36.89 4944 2585 2356 21.55 2557 4533 47.07 50.29 45.94 49.07 50.69

Table 1. The performance evaluation of text-only LLMs using few-shot prompting without any fine-tuning on the training set. As these
models handle text only, test data is formatted as unimodal text for compatibility. In our implementations, both LightRAG and VaLiK
adopt Qwen2.5-7B as the base reasoning model. Bold indicates the highest value, and underline indicates the second highest.

Task Multimodal VLMs KG-Enhanced LLMs
CLIP LLaVA BLIP-2 GPT-40 Qwen2-VL VaLiK
ViT-L/14 7B 13B 34B Flan-T5-XL  OPT - 2B-1 7B-I  72B-1 * # + ~
Task 1 43.36 54.00 60.58 56.44 61.29 38.62 68.20 4756 6245 6580 60.78 68.44 61.11 68.89
Task 2 17.88 28.01 20.14 25.15 40.86 14.26 47.58 7.60 32.68 4721 2580 48.88 27.23 49.78
Task 2-M 20.79 30.61 2344 25.07 40.72 14.27 49.55 7.42 3420 4828 27.31 4927 29.09 4931

Table 2. The performance of multimodal VLMs and KG-enhanced LLMs. The -I suffix denotes instruction-tuned variants. Symbol
markers denote KG types and models: the asterisk (*) represents image-only KG with LLaVA-34B, hash (#) indicates image-only KG
using Qwen2-VL-72B-1, plus (+) denotes text-image KG with LLaVA-34B, and tilde (*) shows text-image KG using Qwen2-VL-72B-I.

DeepSeek-R1 [25], Qwen-2.5 [76]) and multimodal
VLMs (CLIP [56], LLaVA [42], GPT-40 [32], Qwen2-
VL [68], BLIP-2 [40]).

* For ScienceQA, we compare models for general domains
in zero/few-shot settings, including text-only LLMs (GPT
Model [47], CoT [47], DDCoT [85]), multimodal VLMs
(LG-VQA [24], LaVIN [49], BLIP-2, CCOT [52],
GraphVis [18]) and Tool-LLM Chameleon [48]. These
models are not specifically fine-tuned for scientific tasks,
ensuring a fair evaluation of generalization capabilities.

* We further compare the multimodal reasoning perfor-
mance of LLMs assisted by KGs, evaluating text-based
KGs built with LightRAG [27], and pre-constructed
MMKGs such as Visual Genome [37] and Mmkg [45].

Implementation. For MMKG construction, we design a
chain of VLMs including BLIP-2, LLaVA, and Qwen2-VL,
with the CLIP-ViT-L/14 for pruning. Stronger or additional
VLMs could be employed to enhance performance if more
computational resources are available. We use the entire
training set as the knowledge base and construct MMKGs
from the extracted descriptions based on the LightRAG
framework. In comparative experiments, the LightRAG
method we evaluate utilizes only textual data, while VaLiK
employs two configurations: (1) fully image-generated text
descriptions (Image-only), and (2) original text combined
with image-generated text (Text-Image). Dynamic window
partitioning based on sentence length ensures syntactically
coherent pruning results. Similarity thresholds are set to
7 = 0.25 for CrisisMMD and 7 = 0.20 for ScienceQA
based on empirical evaluations to balance precision and re-
call. See Appendix E for selection details. We construct the
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graph using DeepSeek-R1-70B and implement LightRAG’s
hybrid retrieval approach with Qwen2.5-7B. For graph con-
struction and multimodal reasoning, we utilize 1xXNVIDIA
A100-80GB GPUs. Task-specific prompts are designed to
assist LLMs in multimodal reasoning evaluation.

4.2. Main Results

Multimodal Classification Tasks. We conduct multimodal
classification experiments on the CrisisMMD dataset, eval-
uating both text-only LLMs and multimodal VLMs. De-
tailed comparative results are provided in Tables 1 and 2.
For text-only LLMs, we adopt Qwen2.5-7B as the foun-
dational reasoning model. = Remarkably, the VaLiK-
enhanced version achieves state-of-the-art (SOTA) perfor-
mance matching that of the native Qwen2.5-72B model.
The image-only KG constructed through VaLiK demon-
strates an average accuracy improvement of 4.41% across
tasks, with the text-image variant attaining a 4.90% en-
hancement. These improvements significantly surpass the
1.22% gain obtained by LightRAG using textual KG. We
further validate VaLiK’s cross-scale applicability through
evaluations on Qwen2.5-32B and 72B architectures, ob-
serving consistent 2.0%—2.5% improvements. While not as
significant as the 7B model’s benefits, this shows that mod-
els that have substantial prior knowledge benefit less from
external knowledge augmentation.

Unlike text-only LLMs that depend on MMKGs for vi-
sual understanding, VLMs primarily benefit from KGs in-
tegration through outdated knowledge refreshment. Due
to the inherent availability of visual features during infer-
ence, VaLiK’s performance gains for VLMs remain con-



Subject Context Modality Grade
Method #LParam  \ur SOC LAN TXT IMG NO Gl Gr-12 AVerase
Human [47] - 90.23 8497 8748 89.60 87.50 88.10 91.59 8242 88.40
GPT-4 [42] - 84.06 73.45 87.36 81.87 70.75 90.73 84.69 79.10 82.69
CoT (GPT-3) [47] 173B 7544 70.87 78.09 7468 6743 7993 7823 69.68 75.17
CoT (UnifiedQA) [47] 223M 71.00 76.04 7891 6642 6653 81.81 77.06 68.82 74.11
CoT (GPT-4) [48] 1T+ 8548 7244 90.27 8265 7149 92.89 86.66 79.04 83.99
DDCoT [85] 175B 80.15 76.72 82.82 7889 7253 85.02 8286 7521 80.15
Chameleon (ChatGPT) [48] 175B+ 81.62 70.64 84.00 79.77 70.80 86.62 81.86 76.53 79.93
LG-VQA (BLIP-2) [24] - - - - - - - - - 86.32
LaVIN-13B [77] - - - - - - - - - 77.54
BLIP-2 [77] - - . - . . - - . 74.17
CCOT 7B - - - - - - - - 76.84
GraphVis [18] 7B - - - - - - - - 73.18
Qwen2.5-7B 7B 7620 67.83 7727 7449 6579 79.02 7772 69.35 74.72
Qwen2.5-72B 72B 79.64 67.10 8490 77.56 6500 8793 80.25 74.85 78.37
Qwen2.5-7B (Mmkg) [45] 7B 7398 66.37 78.18 71.65 6430 79.65 76.51 68.03 73.47
Qwen2.5-7B (Visual Genome) [37] 7B 76.78 67.04 78.09 74.05 66.19 79.72 78.08 69.68 75.08
Qwen2.5-7B (VaLiK Text-only) 7B 84.54 7424 8691 8274 7253 90.03 84.51 80.28 82.98
Qwen2.5-7B (VaLiK Image-only) 7B 79.14 7154 7927 77.16 69.72 83.14 80.65 73.96 78.88
Qwen2.5-7B (VaLiK Text-Image) 7B 84.15 75.14 87.64 8299 73.18 89.69 8440 80.95 83.16
Qwen2.5-72B (VaLiK Text-Image) 72B 85.61 7593 90.27 8440 74.17 9233 8579 82.98 84.77

Table 3. Performance comparison (%) on ScienceQA benchmark. #T-Params denotes trainable parameters. Categories: NAT (natural
science), SOC (social science), LAN (language), TXT (text context), IMG-Cap (image caption), NO (no context), G1-6 (grades 1-6), G7-
12 (grades 7-12). Method groups: (1) Human performance baseline, (2) Zero/Few-shot text-only LLMs, (3) Zero/Few-shot Multimodal
VLMs, (4) LLMs enhanced with knowledge graphs for multimodal reasoning.

strained compared to text-only counterparts. We sep-
arately applied VaLiK enhancement to Qwen2-VL-72B-
Instruct and LLaVA-34B, obtaining distinct improvements:
LLaVA-34B achieves accuracy gains of 2.41% (image-only
KG) and 3.59% (text-image KG), while Qwen2-VL-72B-
Instruct shows 1.77% and 2.23% improvements respec-
tively under identical configurations. These experimental
findings collectively demonstrate that VaLiK effectively ex-
tracts valuable signals from the training corpus and enables
dynamic knowledge injection into VLMs during inference,
thereby substantially alleviating hallucination phenomena.
The differential improvements between Qwen2-VL-72B-
Instruct and LLaVA-34B further validate the framework’s
adaptability across model architectures.

Additionally, we analyze the results of LLMs without
KG enhancement in the tables, which generally follow the
scaling law [36]. However, DeepSeek-R1 shows anomalous
behavior. Through testing, we find that its reasoning pro-
cess may introduce complex information that interferes with
its judgment. Furthermore, empirical results show that most
baseline models achieve suboptimal performance without
fine-tuning. In contrast, VaLiK’s automated MMKG con-
struction framework requires no task-specific adaptation yet
delivers consistent improvements.

Multimodal Question Answering Tasks. We evalu-
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ated multimodal QA performance on the ScienceQA bench-
mark with Qwen2.5-7B and Qwen2.5-72B as base architec-
tures, augmented by four knowledge sources: Mmkg, Vi-
sual Genome, text-only LightRAG and VaLiK. Compared
to existing zero-shot/few-shot LLMs that not specifically
optimized for scientific QA, our VaLiK-enhanced Qwen2.5-
72B achieved SOTA performance on 62.5% of subtasks,
demonstrating particular strengths in multimodal reasoning
scenarios requiring cross-modal alignment with an average
accuracy gain of 6.4% over baseline models.

Our study identifies a fundamental imbalance between
textual and visual knowledge representations in ScienceQA.
Text-only KGs (14k entities, 18k relations) exhibit 8x
denser structured knowledge than image-only counterparts
(3k concepts, 1k relations), explaining visual modality un-
derperformance. Despite this gap, vision-KG-augmented
Qwen2.5-7B still attains 4.16% accuracy gains over its
non-enhanced version. Notably, our MMKG requires only
489MB storage for complete storage, while the scene graph
component’ of Visual Genome alone occupies 739MB.
This lightweight construction enables effective reasoning
using only textual KG descriptions without raw images in
resource-constrained scenarios.

2Visual Genome


https://homes.cs.washington.edu/~ranjay/visualgenome/api.html

Subject Context Modality Grade
Type Method #T-Param NAT soc LAN TXT IMG NO G1-6 G7-12 Average
Qwen2.5-7B 7B 76.20 67.83 77.27 74.49 65.79 79.02 77.72 69.35 74.72
Image-Only + CVs 7B 80.06 (1386)  70.30 (12470 80.55(13.28) 78.05(13.56) 68.43 (12.64) 83.76(1474) 81.17 (13450 72.71(1336) 78.14 (13.42)
+SV 7B 79.14 (1092)  71.54 (1124)  79.27 (1128)  77.16 (1089 69.72 (11290 83.14 (yo.62)  80.65 (1052 73.96 (11.25) 78.88 (10.74)
Qwen2.5-7B 7B 76.20 67.83 77.27 74.49 65.79 79.02 77.72 69.35 74.72
Text-Image + CVs 7B 81.88(15.68) 73.00(1517) 84.00(16.73) 80.55(16.06) 70.05(t4.26) 87.11(18.09) 82.01(1429) 77.98(18.63) 80.57 (15.385)
+SV 7B 84.15(1227)  75.14(1214)  87.64 (13.64) 82.99 (1244) 73.18(13.13)  89.69 (12.58) 84.40(1239) 80.95(1297) 83.16 (1259

Table 4. Ablation study on ScienceQA benchmark (CVs: CoE-based Vision-Language Models; SV: Similarly Verification). Performance
metrics include: NAT (natural science), SOC (social science), LAN (language), TXT (text context), IMG (image context), NO (no context),

G1-6 (grades 1-6), G7-12 (grades 7-12).

Type Method Task 1 (%) Task2 (%) Task 2-Merged (%)
Qwen2.5-7B 65.04 44.52 4533
Image-Only + CVs 68.11 (13.07  47.00 (12.48) 46.95 (11.62)
+ SV 69.52 (11.41)  49.54 (12.54) 49.07 (12.12)
Qwen2.5-7B 65.04 44.52 4533
Text-Image +CVs 68.43(1339) 48.61 (14.09) 48.97 (13.64)
+SV 68.90 (1047)  50.02 (11.41) 50.69 (11.72)

Table 5. Ablation study on CrisisMMD with Qwen2.5-7B.

4.3. Ablation Study

Our ablation studies on CrisisMMD and ScienceQA
demonstrate the specific roles of VaLiK’s components. As
shown in Table 4 and Table 5, the CVs (CoE-based VLM)
module improves accuracy across all settings, with average
gains of +3.05% on CrisisMMD and +4.63% on ScienceQA
tasks, validating visual descriptions enhance reasoning.
However, the SV (Similarly Verification) module exhibits
dual effects: it significantly improves CrisisMMD metrics
by pruning redundant textual descriptions, yet slightly de-
grades ScienceQA’s image-only natural science reasoning.
We hypothesize this discrepancy arises from dataset charac-
teristics: CrisisMMD’s generated captions contain substan-
tially more redundant content, whereas ScienceQA’s sim-
pler visual scenes yield shorter descriptions. Pruning these
shorter descriptions risks over-removal of critical seman-
tics. Furthermore, different types of KGs influence the ef-
fectiveness of the components: CVs achieve greater gains
in CrisisMMD’s text-image fusion as original text provides
complementary context, while SV shows reduced effec-
tiveness, likely due to occasional over-pruning of cross-
modal linkages. Nevertheless, both modules collectively
enhance performance across configurations, demonstrating
their synergistic yet context-sensitive nature.

4.4. Further Analysis

Impact of VLM Quantity and Types. We evaluate the im-
pact of varying quantities and types of VLMs on the CVs
module. Our experiments reveal that Qwen2-VL generates
the most visual descriptions, followed by LLaVA, while
BLIP-2 produces the fewest. However, BLIP-2 demon-
strates superior capability in extracting critical information

Task 1 Performance Task 2 Performance

@ image-Only
A Textimage

1
# of VLMs

2
# of VLMs

Figure 4. Impact analysis of VLM quantity on CrisisMMD.

and identifying key entity relationships within images. We
therefore adopt BLIP-2 as the primary model, with LLaVA
or Qwen2-VL serving as secondary/tertiary components.
Adding more VLMs yields diminishing returns, due to lim-
ited entities in current images, though we hypothesize their
benefits would increase for complex visual scenes with
richer semantic content. This phenomenon is empirically
validated by our quantitative results in Figure 4.

Computational Costs. Due to space limitations, we pro-
vide an overview of VaLiK’s computational costs in Ap-
pendix F. Our method is significantly more cost-effective
than manual annotation or LLM fine-tuning.

5. Conclusion

Multimodal reasoning in LLMs is constrained by incom-
plete knowledge and hallucination artifacts, limitations that
persist because textual KGs cannot bridge visual-textual
semantics due to their modality isolation. To bridge this
gap, we propose VaLiK, a framework for constructing
MMKGs through vision-language alignment, eliminating
dependency on manual annotations while resolving visual-
textual semantic inconsistencies. By integrating a cascade
of pretrained VLMs and cross-modal verification, VaLiK
converts images into structured knowledge while filtering
noise. The resulting graphs enhance LLMs’ reasoning with
minimal storage overhead. Experiments on multimodal
reasoning benchmarks show SOTA performance. VaLiK’s
modular design supports adaptability across domains, offer-
ing a scalable solution for autonomous knowledge synthe-
sis. This work advances multimodal Al systems by enabling
efficient integration of visual and textual data.
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