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Abstract

In the realm of multimodal tasks, Visual Ques-001
tion Answering (VQA) plays a crucial role002
by addressing questions in natural language003
grounded in visual content. Knowledge-Based004
Visual Question Answering (KBVQA) elevates005
this concept by integrating external knowledge006
with images to respond to questions. KBVQA007
shows great potential in tackling real-world008
challenges, encompassing assistance for the vi-009
sually impaired and enhancing image search010
functionalities. We introduce an innovative ap-011
proach for KBVQA, augmenting the existing012
vision-language transformer encoder-decoder013
(OFA) model (Wang et al., 2022). Our main014
contribution involves enhancing questions by015
incorporating pertinent external knowledge ex-016
tracted from knowledge graphs, using a dy-017
namic triple extraction method. We supply018
a flexible number of triples from the knowl-019
edge graph as context, tailored to meet the re-020
quirements for answering the question. Our021
model, enriched with knowledge, demonstrates022
an average improvement of 4.75% in Exact023
Match Score over the SOTA on three differ-024
ent KBVQA datasets. Through thorough ex-025
periments and analysis, we illustrate that fur-026
nishing variable triples for each question im-027
proves the reasoning capabilities of the lan-028
guage model in contrast to supplying a fixed029
number of triples. Additionally, we highlight030
the model’s generalization capability by show-031
casing its SOTA-beating performance on a032
small dataset, achieved through straightforward033
fine-tuning.034

1 Introduction035

The domain of Knowledge-Based Visual Question036

Answering (KBVQA) not only utilizes visual in-037

formation extracted from images, such as object at-038

tributes and visual relationships, but also integrates039

supporting facts to facilitate accurate reasoning and040

answer prediction. A typical KBVQA model con-041

sists of both a knowledge retrieval module and a042

Figure 1: Example question answerable solely from an
image, without requiring external information

predictor module. Recently, large language mod- 043

els (LLMs) like GPT-4 (OpenAI et al., 2023) have 044

garnered attention for their human-like understand- 045

ing of both images and language, enabling them to 046

tackle KBVQA questions very effectively. How- 047

ever, these LLMs come with a significant drawback: 048

their immense size (around a trillion parameters) 049

poses challenges for offline usage. Additionally, 050

they struggle with user-centric data, such as ques- 051

tions related to named entities within an image. For 052

instance, consider questions like Who is the person 053

in the middle of the image? or What is the age of 054

the person shown in the image? In such cases, a 055

model should provide specific answers, such as the 056

person’s name or age, rather than generic responses 057

like man or I can’t guess the age. This could also 058

limit the performance of many IoT applications 059

where real-time user-centric data plays a crucial 060

role. 061

To solve this problem previous works in KB- 062

VQA (Li et al., 2020; Garcia-Olano et al., 2021; 063

Vickers et al., 2021) used a fixed number of triples 064

from knowledge graphs as additional sources of 065

information to answer the question. Nevertheless, 066

furnishing a consistent number of triples for all 067

questions may lead to either inadequate informa- 068
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tion or unnecessary noise, potentially resulting in069

inaccurate predictions. E.g. in Figure 1, Who is070

to the right of Ion Antonescu? These questions071

can be answered from image features alone and072

when additional knowledge is given it introduces073

noise which often confuses the model and subse-074

quently leads to incorrect predictions. Similarly,075

some questions require more triples to reach the076

correct answer, but providing a fixed number of077

triples can limit the model’s reasoning capabilities078

due to insufficient information. To address this, we079

propose a dynamic triple filtering module capa-080

ble of retrieving a variable number of triples from081

knowledge graphs as context to answer the ques-082

tions. We use an established vision language trans-083

former encoder-decoder (OFA) (Wang et al., 2022)084

model which takes an image, question, and filtered085

triples as input to predict the desired answer.086

Our contributions are,087

• An innovative approach for KBVQA, featur-088

ing a dynamic triple filtering method, pro-089

vides varying question-specific triples instead090

of a fixed number, serving as context to ad-091

dress the posed question.092

• The approach surpasses the state-of-the-art093

(SOTA) on three different KBVQA datasets.094

On the KVQA dataset (Shah et al., 2019), it095

achieves 85.19% accuracy, marking a 4.12%096

improvement over the previous SOTA. On097

the CRIC-VQA dataset (Gao et al., 2023),098

it reaches 85.80% accuracy, surpassing the099

previous SOTA by 5.95%. On the FVQA100

dataset (Wang et al., 2017), the method at-101

tains 65.28% accuracy, exceeding the prior102

SOTA (Khademi et al., 2023) by 4.18%103

• The outcomes set a fresh benchmark across104

all three datasets. Through a comprehensive105

evaluation of the VQA model under diverse106

settings, encompassing both its strengths and107

weaknesses, we ascertain that the enhanced108

performance can be attributed to the integra-109

tion of external knowledge from Concept-110

Net (Speer et al., 2018) and WikiData (Vran-111

dečić and Krötzsch, 2014) in the form of an112

additional "knowledge vector."113

• We also present an improved knowledge base114

for the CRIC-VQA dataset. This enhancement115

raises the number of triples from 3,439, as116

documented in CRIC-VQA (Gao et al., 2023),117

to 99,586 triples. This expansion serves to118

further challenge the knowledge extraction119

capabilities of upcoming models.120

2 Related Work 121

Knowledge-based VQA: KBVQA is a recent ad- 122

vancement that incorporates external knowledge 123

along with images and questions to arrive at an an- 124

swer. There are various datasets published for this 125

purpose. These datasets are mainly of two types- 126

Open Domain Knowledge-Based VQA in- 127

volves answering questions that require broad- 128

world knowledge, going beyond what’s directly 129

visible in an image. Several datasets, such as OK- 130

VQA(Marino et al., 2019), A-OKVQA(Schwenk 131

et al., 2022), and ScienceQA(Lu et al., 2022), fall 132

into this category. Researchers have tackled this 133

challenge by leveraging various sources of informa- 134

tion. Recent work utilizes large language models 135

(LLMs) like GPT-3.5 (Gui et al., 2022; Lin et al., 136

2022) to retrieve relevant knowledge. Works such 137

as (Khademi et al., 2023; Lin et al., 2022; Gui 138

et al., 2022) found that increasing the diversity of 139

knowledge sources leads to improved accuracy in 140

answering these types of questions. 141

Closed Domain Knowledge-Based VQA per- 142

tains to questions that rely on information from a 143

fixed knowledge base. Datasets like FVQA (Wang 144

et al., 2017), KVQA (Shah et al., 2019), Vi- 145

Quae (Lerner et al., 2022), and CRIC-VQA (Gao 146

et al., 2023) fall into this category. Some ap- 147

proaches like (Shevchenko et al., 2021; Li et al., 148

2020), utilize knowledge graphs to retrieve relevant 149

information needed to answer specific questions. 150

Others (Lerner et al., 2024) have employed a fixed 151

multimodal knowledge base, which combines in- 152

formation from different modalities to provide ac- 153

curate answers. 154

As user-centric or factual questions require a lim- 155

ited knowledge base to answer a question our work 156

focuses on Closed Knowledge Based VQA. In pre- 157

vious works, the MEMNET architecture (Tai et al., 158

2017) was utilized. It retrieved relevant facts from 159

knowledge graphs and then passed them to a BI- 160

LSTM (Huang et al., 2015) to find the answer. Re- 161

cent models have leveraged the Vision+Language 162

BERT model (Su et al., 2020) to obtain desired 163

answers. Another approach, proposed by (Chen 164

et al., 2020), utilizes a BERT-based encoder UNI- 165

TIER (Devlin et al., 2019) which frames VQA as 166

a classification problem. However, this method 167

has limitations in its applicability to other datasets 168

due to fixed class labels. The latest work, ex- 169

emplified by (Sahu et al., 2024), employs MT- 170

CNN to retrieve a fixed number of highly relevant 171
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facts. These relevant facts, along with questions172

and images, are then fed into a transformer encoder-173

decoder model to obtain the desired answer.174

2.1 Datasets175

We have used three main datasets for Closed176

Domain Knowledge-Based VQA. KVQA (Shah177

et al., 2019), CRIC-VQA (Gao et al., 2023) and178

FVQA (Wang et al., 2017). The KVQA dataset179

is an extensive set with 183,000 question-answer180

pairs, over 18,000 distinct named entities, and a181

collection of 24,000 images. The questions in this182

dataset require an understanding of the named en-183

tities present in the image. Conversely, the FVQA184

and CRIC-VQA datasets lean more towards com-185

monsense understanding rather than focusing on186

named entities in the image. The FVQA dataset187

contains 5826 questions and 2190 associated im-188

ages and CRIC-VQA comprises the larger dataset189

with 494K questions and 94K images. All datasets190

require external knowledge to answer the question.191

We selected these three datasets as they cover a192

broad spectrum of questions, including those based193

on user-centric questions and general factual ques-194

tions. For getting external knowledge, we mainly195

utilized the Wikidata (Vrandečić and Krötzsch,196

2014) and ConceptNet (Speer et al., 2018) knowl-197

edge graphs.198

3 Our Approach199

Our approach follows a two-stage process to200

determine the answer to a given question. Let A be201

the set of potential answers, I be the set of images,202

i be the input image, Q be the set of questions,203

and q be the input question. a∗ represents the204

predicted answer where a∗ ∈ A, and θ represents205

the learnable parameters of the model. Then the206

predicted answer207

208

a∗ = argmaxa∈AP (a|q, i; θ) (1)209

Where P (a|q, i; θ) represents the probability210

of an answer given a question and the image.211

P (a|q, i; θ) is computed in two stages, namely, the212

triple filtering stage and the prediction stage.213

Triple Filtering Stage: Given a question q and214

an image i, we retrieve a set of triples t∗ ⊂ T using215

an iterative retrieval mechanism, where T is the216

whole set of triples in the knowledge graph.217

t∗ =
⋃
t∈T

(t|(P (t|q, i; θr) >= λ)) (2)218

here, θr is the set of learned parameters of the 219

fact retriever module, and λ is a threshold hyper- 220

parameter. 221

We integrate multi-hop triples, where we specifi- 222

cally focus on utilizing 2-hop triples for contextual 223

information. 224

Prediction Stage: Then we compute the proba- 225

bility of an answer given question and image as: 226

P (a|i, q) = P (a|t∗, i, q; θp) (3) 227

here, θp are the learned parameters of the predic- 228

tor module and θ = θp ∪ θr 229

3.1 Triple Filtering Module 230

This module serves the purpose of extracting rel- 231

evant information from a large-scale knowledge 232

graph to address questions in KBVQA datasets. It 233

involves two distinct steps: 234

3.1.1 Triples Relevant to Entities in Image 235

Our first step involves extracting triples relevant 236

to images from an extensive knowledge graph. 237

This significantly reduces the dataset size, remov- 238

ing superfluous information. In the KVQA and 239

CRIC-VQA datasets, labels are available within the 240

dataset, enabling the extraction of relevant triples 241

by identifying all triples with head or tail entities 242

corresponding to these labels. However in datasets 243

like FVQA, where labels are not inherently avail- 244

able, we adopt an alternative approach to extract 245

triples relevant to images, as elaborated in Sec- 246

tion 5. 247

3.1.2 Triples Relevant to Entities in Question 248

From the refined subset of triples obtained from 249

the first step, the module further refines the triple 250

selection by filtering on the question. 251

As in previous works (Wang et al., 2014; Ma 252

et al., 2019; Nayyeri et al., 2023) we use embed- 253

ding similarity to find the relevant triples. For this, 254

we employ the T5-Base model (Raffel et al., 2023) 255

to generate embeddings for both the question and 256

all the triples. Before calculating the triple embed- 257

dings, we substitute all named entities in the triples 258

with a <MASK> token. Substituting named entities 259

with the <MASK> token ensures that the model fo- 260

cuses on predicates rather than focussing on named 261

entities. This prevents the extraction of irrelevant 262

triples. For instance, consider the question: Who is 263

to the right of Ion Antonescu? In this scenario, the 264

model does not need any triple to answer the ques- 265

tion. It can be answered from the image features 266
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Figure 2: The proposed framework is illustrated in the flow diagram. In the first stage of prediction, a subset of
triples is extracted from the image and knowledge graph, followed by an additional round of filtering where these
triples are filtered based on the similarity between the question embedding and triple embedding obtained using the
T5 model. In the second stage of prediction, Relevant Triples, Image Resnet Features and Question, are fed into
a transformer encoder-decoder model (OFA) to generate the predicted answer.

itself. But when <MASK> token is not employed,267

the model might extract several irrelevant noisy268

triples associated with Ion Antonescu, for example,269

(Ion Antonescu, sex, male).

Number of triples 1 3 5 7 9
Accuracy 68.95% 73.42% 82.7% 82.6% 80.20%

Table 1: The table displays the accuracy corresponding
to varying numbers of triples provided as context for the
KVQA dataset.

270

We conducted experiments in two different set-271

tings based on the number of triples provided as272

context to the predictor module.273

Fixed Number of Triples: In this scenario, we274

opt for a predefined quantity of the most compa-275

rable triples to function as context for predicting276

answers.277

Dynamic Number of Triples: In this methodol-278

ogy, we furnish the model with a flexible number of279

triples as contextual information. We incorporate280

triples with a similarity score greater than or equal281

to the specified threshold. Through observation,282

we determined that a threshold value of 0.8 proves 283

to be the most effective, encompassing nearly all 284

the triples necessary to address the given question. 285

286

The outcomes of the above approaches are pre- 287

sented in Section 4. 288

3.2 Prediction Module 289

To predict the answer based on an image, ques- 290

tion, and triples extracted from the triple filtering 291

module, we employ a transformer encoder-decoder 292

model known as OFA (Wang et al., 2022). The 293

complete architecture is depicted in Figure 2, offer- 294

ing a comprehensive overview of our approach. 295

OFA Model: We leverage the power of Uni- 296

fied Vision-Language (VL) modelling (Wang et al., 297

2022), which has demonstrated significant poten- 298

tial across various VL tasks. For our VQA tasks, 299

we adopt a vision language transformer encoder- 300

decoder model OFA Base and OFA Large architec- 301

ture. The OFA model is designed to handle diverse 302

tasks and modalities, seamlessly integrating vision- 303

only, language-only, and vision-language tasks 304
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within a sequence-to-sequence learning framework.305

Our input comprises ResNet152 features ex-306

tracted from the image, followed by the question307

and context, both tokenized using byte-pair encod-308

ing (BPE) (Bostrom and Durrett, 2020). We em-309

ploy a unified vocabulary that encompasses tokens310

from both visual and linguistic domains. Trans-311

formers serve as the core encoders and decoders,312

treating the vision-language task as a sequence-to-313

sequence problem.314

Algorithm 1 outlines the high-level process of315

retrieving pertinent triples and making answer pre-316

dictions.317

Algorithm 1 Retrieving context for k-hop Ques-
tion Answering and feeding the Question, Image,
and Context into a Transformer Encoder-Decoder
model to predict the desired answer.
Require:
1: Q0 → Input Question
2: T → Triples from Knowledge Graph
3: k → Number of Hops
4: I → Image
5: E → Named Entities

Ensure:
6: Triple Filtering (By Images)
7: for Count in k do
8: for (Head,Relation, Tail) in Knowledge Graph do
9: if Head or Tail in E then

10: Relevant Triples += (Head,Relation, Tail)
11: end if
12: end for
13: end for
14: Triple Filtering
15: for Triple in Relevant Triples do
16: T_Embed = T5 Base(Triple)
17: Q_Embed = T5 Base(Q0)
18: if Similarity(T_Embed, Q_Embed) ≥ λ then
19: Context += Triple
20: end if
21: end for
22: Prediction Module
23: Answer = OFA_Model(Image < SEP > Question <

SEP > NamedEntities < SEP > Context)

4 Experimental Setup & Results318

We conducted experiments in different settings, as319

outlined in Table 4.320

Without Infusion & With Infusion: In the321

without infusion setting, we do not provide any ex-322

ternal triples to the OFA model. The input format323

consists of Image Features, Questions, and Named324

Entities separated by <SEP> directly to the trans-325

former encoder. The corresponding answers are326

then generated by the transformer decoder model.327

The OFA model’s vision-language understanding328

demonstrates the capability to accurately predict329

certain answers. In the Infusion setting, we include 330

context along with the image and question. Here, 331

context refers to all the relevant triples from the 332

knowledge graph that help in answering the ques- 333

tion. The input format consists of Image Features, 334

Questions, Named Entities, and Context, separated 335

by <SEP>. This format presents context as a se- 336

quence of triples, labeled as triple1 <SEP> triple2 337

<SEP> triple3... <SEP> triplen. 338

The results for KVQA dataset are shown in Ta- 339

ble 4. We employed diverse settings to illustrate 340

that providing a dynamic number of triples based 341

on a similarity threshold, as opposed to a fixed num- 342

ber, significantly enhances accuracy. We explored 343

various experimental settings as follows, 344

1. No External Knowledge (Table 4, Row 1): In 345

this setting, we provided image features and 346

questions without any context. 347

2. Triples Related to Images (Table 4, Row 2): 348

Here, we included all triples associated with 349

named entities in the image. 350

3. Triple Filtering Based on Questions: 351

In this context, there exist two configurations, 352

Fixed Number of Triples (Table 4, Row 353

4&6): We choose a fixed number of top− 5 354

triples with the highest similarity scores. 355

While we experimented by varying numbers 356

of triples, as depicted in Table 1, we observed 357

that providing top-5 triples as context yielded 358

the highest accuracy. Consequently, we opted 359

to utilize the Top−5 triples as context for our 360

analysis. 361

Dynamic Number of Triples with Similar- 362

ity Threshold (Table 4, Row 3&5): We se- 363

lected all triples with a similarity greater than 364

or equal to 0.8. 365

For comparison with baselines on the KVQA 366

dataset, we conducted evaluations on the OFA large 367

model, utilizing a dynamic number of multi-hop 368

triples to determine accuracy across various ques- 369

tion classes as shown in Table 2. The KVQA 370

dataset includes 12 classes. However, prior re- 371

search only made comparisons across 9 classes. 372

Therefore, we also present our results for these 9 373

classes for a fair comparison. Our model achieves 374

an accuracy of 85.19% on the KVQA dataset 375

which is 4.12% better than SOTA model POP- 376

VQA (Sahu et al., 2024). We have included the 377

results for all 12 classes in the Appendix B. 378

We also apply our approach to the CRIC-VQA 379

dataset, which comprises factual questions requir- 380

ing commonsense reasoning. The knowledge base 381
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OFA(Ours)
Types of Questions MEMNET UNITIER POP-VQA Single-Hop Multi-Hop

1-Hop 61.00% 65.70% 89.80% 84.25% 86.04%
Boolean 75.10% 94.60% 95.70% 96.89% 97.17%
Comparison 50.50% 90.40% 89.60% 90.82% 90.15%
Counting 49.50% 79.40% 73.20% 90.08% 90.32%
Intersection 72.50% 79.40% 72.30% 87.07% 89.03%
Multi-Entity 43.50% 77.10% 94.90% 84.01% 88.53%
Multi-Relation 45.20% 75.20% 93.27% 90.10% 90.77%
Spatial 48.10% 21.20% 83.89% 92.70% 94.50%
Subtraction 40.50% 34.40% 37.00% 32.50% 40.20%

Average Scores 53.98% 68.60% 81.07% 83.15% 85.19%

Table 2: Results on KVQA (Shah et al., 2019). Exact match scores for various question types. These scores are
obtained in a setting where triples are filtered based on both the questions and the images, and the number of triples
varies according to a similarity threshold. We show a comparison of our results with the performance of previous
baseline models, MEMNET (Tai et al., 2017), UNITIER (Chen et al., 2020) and POP-VQA (Sahu et al., 2024), on
the KVQA test set. Bold and underline indicate the best and second-best scores. Overall our model outperforms the
baseline across the test set and most of the classes.

Models Accuracy

Q-Only GRU 55.18%
Q-Only-BERT 59.03%
SF 60.98%
Bottom-Up+latt 62.39%
MAC-CS 69.65%
NMN-CS 68.96%
Memory-VQA+latt 66.93%
VILBERT+latt 77.54%
VILBERT+ERNIE+latt 79.85%

Ours

OFA Base (Fixed) 76.17%
OFA Large (Fixed) 79.28%
OFA Base (Dynamic) 81.85%
OFA Large (Dynamic) 85.80%

Table 3: Results on CRIC-VQA (Gao et al., 2021).
Exact match scores for various baselines as well as our
model. Fixed denotes fixed number of triples with Top-
5 context, and dynamic denotes variable triples with a
similarity threshold.

for CRIC-VQA is relatively small, with around382

3,400 triples. To showcase the efficacy of our ap-383

proach, we enhance the knowledge base using Con-384

ceptNet. We incorporate all triples associated with385

the objects depicted in the image, verifying if either386

the head entity or tail entity corresponds to the la-387

bel of the object. We increased the knowledge base388

from 3,400 triples to a substantial 99,586 triples.389

With this substantial increase, extracting relevant390

knowledge from the knowledge base and answer-391

ing the questions would be challenging. Due to the392

Models Base Large

OFA+Image 62.70% 76.70%
OFA+Image+All Triples 72.00% 73.67%
OFA+Image+Filtered Triples(Dynamic)
(Single-Hop)

83.65% 85.35%

OFA+Image+Filtered Triples(Top-5)
(Single-Hop)

82.45% 83.20%

OFA+Image+Filtered Triples(Dynamic)
(Multi-Hop)

85.15% 87.55%

OFA+Image+Filtered Triples(Top-5)
(Multi-Hop)

83.57% 82.70%

Table 4: Various Setting Results on KVQA. All
Triples (Row 2) refers to image-only triple filtering,
Filtered Triples involves filtering based on both ques-
tion and image. In the second approach, two settings
are considered: 1) Fixed triples with Top-5 context and
2) Dynamic triples with a similarity threshold. Bold
indicates best scores.

large size of the question-answering dataset and 393

computational constraints, we primarily conducted 394

experiments when filtering context is based on both 395

images and questions. The results of our approach 396

and previous baselines are presented in Table 3. 397

Our model achieves an accuracy of 85.80% which 398

is 5.95% better than SOTA (Gao et al., 2023). Ob- 399

servations from Table 2 and Table 3 indicate that 400

providing a dynamic number of triples increases 401

accuracy. 402

Due to space constraints, comprehensive train- 403

ing setup details required for reproducing the re- 404

sults, including hyperparameters, hardware infor- 405

mation, computational time, etc., are detailed in 406
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Models Accuracy

Human 77.99%
FVQA (Wang et al., 2018) 56.91%
ZS-FVQA (Chen et al., 2021) 58.27%
FVQA (Ensemble) (Wang et al., 2018) 58.76%
MM-Reasoner (Ensemble) (Khademi et al., 2023) 61.10%

Ours

OFA Base(Ours) 54.00%
OFA Large(Ours) 65.28%

Table 5: Results on FVQA. Exact match scores for var-
ious baselines as well as our model. Utilized pre-trained
model on KVQA dataset under dynamic multi-hop set-
ting (Table 4). The inference is done while providing
the dynamic number of triples as context.

Appendix A.407

5 Generalisation Capability408

We showcase the generalization capability of our409

model by fine-tuning our pre-trained OFA model,410

initially trained on the KVQA dataset, on the411

FVQA dataset under various settings. The primary412

challenge with the FVQA dataset is the absence of413

object labels within the dataset itself. So extracting414

image-relevant triples directly from the knowledge415

graph by matching the head or tail entity was not416

possible. We fine-tuned the CLIP model (Radford417

et al., 2021) to get image-relevant triples. We have418

included details of fine-tuning the CLIP model in419

the Appendix D.420

Context-Type
Models Pre-training Inference ∼ FT FT

Base fixed fixed 20.35% 43.00%
Base fixed dynamic 21.90% 30.00%
Large fixed fixed 36.48% 39.00%
Large fixed dynamic 38.70% 50.00%
Base dynamic fixed 34.50% 41.51%
Base dynamic dynamic 40.14% 54.00%
Large dynamic fixed 43.50% 58.00%
Large dynamic dynamic 47.00% 65.28%

Table 6: Exact match scores with and without fine-
tuning(FT, ∼FT) on the FVQA dataset. The model
was pre-trained on the KVQA dataset. Context type
(pre-training) denotes the type of context in which pre-
training was done on the KVQA dataset. Context type
(inference) denotes the type of context in which fine-
tuning and inference were done on the FVQA dataset.

To find image-relevant triples we calculate the421

CLIP embedding (Radford et al., 2021) for each422

triple. To ensure we extract relevant triples for423

small objects in the image, we divide the image into424

Figure 3: Splitting the image into four patches to extract
relevant triples.

four equal-sized patches and compute the CLIP em- 425

bedding for each patch. When examining the entire 426

image without dividing it into patches, important 427

details related to small objects (such as the flower 428

vase) as shown in Figure 3 might be overlooked. 429

Consequently, valuable information from the im- 430

age could be missed. The cosine similarity between 431

embeddings of each patch and all the triples is then 432

calculated to identify the most relevant triples. In 433

our approach, we select the triples having a simi- 434

larity greater than 0.8 for each patch. We further 435

show the results without segmenting the image into 436

patches and the results by identifying triples rele- 437

vant to objects. For identifying triples relevant to 438

objects, we utilised the object detection model, De- 439

tectron (Wu et al., 2019), to obtain bounding boxes 440

for each object in the image. For each bounding 441

box, we identified the most relevant triples. The re- 442

sults and detailed explanation of these approaches 443

are presented in the Appendix C. For extracting 444

the triples relevant to the question we use the same 445

approach as explained in Section 3.1.2. 446

We use the same contextual settings as explained 447

in Section 3.1.2. Table 6 displays the exact match 448

scores obtained by the pre-trained OFA model, 449

both with and without fine-tuning on the FVQA 450

dataset. The context utilized during fine-tuning is 451

identical to that used during inference. We observe 452

that when providing the dynamic number of triples 453

as context during pre-training or fine-tuning, the 454

model demonstrates better reasoning capabilities 455

compared to using a fixed number of triples as con- 456

text. 457

Despite the FVQA and KVQA datasets belonging 458

to different domains and the small size of the fine- 459

tuning dataset (FVQA), our model demonstrates 460
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Image Question Truth
Value

No
Triples

All
Triples

Filtered
Triples

Is the person
in the image a
politician?

No Yes No No

For how many
years did the per-
son in the image
live?

83 72 82 83

Were all the peo-
ple in the image
born in the same
country?

No Yes Yes No

Who among the
people in the im-
age ever married
Vladimir Soshal-
sky?

Person
on
the
left

Person
on
the
right

Person
on
the
right

Person
on
the
right

Table 7: Qualitative analysis, which presents instances
from the dataset and their answer predictions with and
without the presence of triples in the input.

superior generalization, achieving an accuracy of461

65.28%, which is 4.18% above the SOTA. The462

baselines of the FVQA dataset are provided in Ta-463

ble 5 and additional results in Appendix C.464

6 Qualitative Analysis465

We will showcase various instances illustrating how466

the integration of knowledge enhances the predic-467

tive capabilities of the OFA model. Concurrently,468

the efficient filtration of knowledge reduces noise,469

bolstering the model’s reasoning capacity and lead-470

ing to highly accurate predictions. We choose471

some samples as shown in Table 7. The first row472

shows that giving extra information helps the model473

make correct predictions for simple questions with474

straightforward answers. In this case, whether or475

not we filter the knowledge triples, the correct an-476

swer is obtained. The subsequent two rows (Row477

2 and Row 3) highlight that when we provide all478

triples to the model, it receives irrelevant knowl-479

edge (noise), leading to incorrect predictions. How-480

ever, when we filter the knowledge triples based481

on the questions, the model predicts the correct an-482

swer. These questions fall into complex categories,483

with Row 2 belonging to a single-hop subtraction484

question and Row 3 being a multi-hop boolean485

question, necessitating the removal of unnecessary486

information or noise.487

In the final example, regardless of whether we488

provide knowledge triples or not, the model pro-489

duces incorrect answers. This question falls under490

the spatial and multi-hop categories, requiring the491

model to make inferences based on both image fea-492

tures and external knowledge. One potential reason493

for the incorrect predictions is the limited number 494

of questions in these complex categories, along 495

with the model’s relatively small size (472 million 496

parameters). To perform such intricate inferences, 497

larger models with billions of parameters may be 498

necessary. Due to space constraints, we provide 499

these and some more examples in the Appendix E 500

Table 13. 501

7 Conclusion and Future Work 502

We introduced a novel approach for KBVQA uti- 503

lizing a dynamic triple filtering module for retriev- 504

ing external context, leveraging knowledge graphs. 505

The proposed approach surpasses the SOTA on 3 506

different KBVQA datasets, on average by 4.75%. 507

We illustrated that furnishing the model with a 508

dynamic number of triples as context during pre- 509

training or fine-tuning leads to improved reasoning 510

capabilities compared to utilizing a fixed number 511

of triples. We also demonstrated the generaliza- 512

tion prowess of our approach by achieving SOTA- 513

beating performance on a small dataset, utilizing 514

a model trained on data from an entirely different 515

domain. We highlighted specific instances demon- 516

strating how integrating relevant knowledge sig- 517

nificantly improves our model’s accuracy. Addi- 518

tional examples are available in the Appendix E. 519

The main insight is that a dynamically determined 520

number of relevant triples in the context eliminates 521

noise, leading to more precise predictions. 522

Several potential avenues for future exploration 523

are available. Presently, the fact retriever and an- 524

swer prediction module undergo separate train- 525

ing processes. Exploring an end-to-end trainable 526

model that seamlessly integrates both components 527

represents an intriguing direction to explore. The 528

optimal number of triplets for context was de- 529

termined through experimentation, incorporating 530

heuristics for similarity values, among other factors. 531

However, enhancing performance can be achieved 532

through the model’s automatic learning of this ideal 533

number of triplets based on the characteristics of 534

the question, image, etc. Exploring additional tech- 535

niques to enhance the model’s generalization across 536

different domains is another compelling direction 537

to investigate. Creating an explanatory model for 538

the retrieved context would prove beneficial for nu- 539

merous practical applications. We anticipate that 540

the numerous avenues for future work, along with 541

our presented results, will inspire further explo- 542

ration and advancements in the KBVQA domain. 543
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Limitations: Our research has specific limita-544

tions. Our approach requires calculating the simi-545

larity between the question and all the triples asso-546

ciated with the images to identify the most relevant547

ones. This process can become computationally548

intensive, especially when dealing with a substan-549

tial number of triples, resulting in longer prediction550

times.551
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A Training Details717

The experiments encompassed both OFA Base and718

Large models, maintaining image resolutions at719

480× 480 and 640× 640 for Base and Large mod-720

els, respectively. The dropout rate was set at 0.1.721

Adam Optimizer was employed with beta values722

of 0.9 and 0.999, epsilon set to 1 × 10−08, and a723

warm-up ratio of 0.06. An initial learning rate of724

1× 10−5 with polynomial decay was utilized. Dur-725

ing test inference, a beam size of 10 and a temper-726

ature of 0.98 were applied. T5-Base (Raffel et al.,727

2023) model generated embeddings for questions728

and triples in the triple filtering process. Training729

was conducted on Nvidia RTX A6000 1, with each730

iteration taking approximately 8 and 12 hours for731

the Base and Large models, respectively.732

The number of parameters used and the number733

of encoder-decoder layers for both the OFA-Base734

and OFA-Large models is given in Table 9.735

B Additional Results for KVQA Dataset736

In Section 4, we demonstrated the results for 9737

classes on the KVQA dataset, aligning with the738

prior state-of-the-art model, POP-VQA (Sahu et al.,739

2024). However, in this Section, we extend our740

analysis to cover all 13 classes within the KVQA741

dataset, as detailed in Table 8. Additionally, we in-742

clude the results obtained from the MEMNET (Tai743

et al., 2017) and UNITIER (Chen et al., 2020) mod-744

els for a fair comparison.745

We also present results for the other two scenar-746

ios. First, no triples are given as context, second747

when we include all the triples associated with the748

image, without any filtering based on the question749

as explained in Section A. The results for these750

approaches can be found in Table 10.751

In our observations, it becomes evident that752

including all triples results increase in accuracy753

across most categories when compared to not in-754

cluding any triples at all. However, in more com-755

plex categories such as subtraction, the accuracy756

improvement is not as significant, mainly because757

accurate predictions demand more refined triples.758

An interesting observation occurs when we look759

at the spatial category. When we provide all triples,760

accuracy decreases, indicating that in the spatial761

category, the inclusion of triples is unnecessary.762

This result shows that our dynamic triple extrac-763

tion module works effectively, especially in spatial764

1https://www.nvidia.com/en-in/design-visualization/rtx-
a6000/

questions, where it rarely provides external triples. 765

This emphasizes that the module can smartly adjust 766

to meet the specific needs of each question. 767

C Additional Results for FVQA Dataset 768

In Section 5, due to the absence of labels in the 769

dataset, we utilized the CLIP model to extract rel- 770

evant triples from the image. To achieve this, we 771

divided the image into four patches, computing the 772

most relevant triples for each patch. In this Section, 773

we present results for two additional settings to 774

ensure transparency, 775

Triples relevant to Full Image: In this config- 776

uration, we refrain from dividing the image into 777

patches. Instead, we compute relevant triples for 778

the entire image. These results are summarized in 779

Table 11. The problem with this approach is that 780

when computing the cosine similarity of the CLIP 781

embedding of the entire image and triples, triples 782

relevant to smaller objects might not be captured. 783

For instance, as depicted in Fig 3, triples related to 784

the flower vase could be overlooked. 785

Triples relevant to objects in the image: For 786

extracting the triples relevant to objects in the im- 787

age we use the following approach: 788

• Bounding Box Extraction: We identify bound- 789

ing boxes for each object present in the image. 790

These bounding boxes define the spatial re- 791

gions corresponding to the objects. 792

• Detectron Model: To achieve this, we utilize 793

the Detectron model, which detects the precise 794

coordinates of the bounding boxes. 795

• Image Patch Extraction: Once we have the 796

bounding box coordinates, we extract image 797

patches corresponding to those regions. 798

• Triple Extraction: For each image patch, we 799

find the relevant triples associated with the 800

objects within that patch. 801

The results are demonstrated in table 12. 802

In the above two approaches, we filtered the 803

triples based on the image, for further filtering 804

based on a question we used the same method as 805

explained in Section 3.1.2. 806

For prediction we employed a pre-trained model on 807

the KVQA dataset, specifically focusing on the best 808

setting where the model was trained with multi-hop 809

dynamic triples as context. The fine-tuning and in- 810

ference process also considers a dynamic number 811

11



OFA(Ours)
Types of Questions MEMNET UNITIER Single-Hop Multi-Hop

1-Hop 61.00% 65.70% 84.25% 86.04%
1-Hop Counting - 78.0% 88.80% 90.74%
1-Hop Subtraction - 28.60% 31.25% 37.89%
Multi-Hop 53.20% 87.90% 60.80% 90.40%
Boolean 75.10% 94.60% 96.89% 97.17%
Comparison 50.50% 90.40% 90.82% 90.15%
Counting 49.50% 79.40% 90.08% 90.32%
Intersection 72.50% 79.40% 87.07% 89.03%
Multi-Entity 43.50% 77.10% 84.01% 88.53%
Multi-Relation 45.20% 75.20% 90.10% 90.77%
Spatial 48.10% 21.20% 92.70% 94.50%
Subtraction 40.50% 34.40% 32.50% 40.20%

Table 8: The table displays the results of all 13 classes on the KVQA dataset. These scores are obtained in a setting
where triples are filtered based on both the questions and the images, and the number of triples varies according to a
similarity threshold.

Model #Param #Enc.Layers #Dec.Layers
OFA-
Base

182M 6 6

OFA-
Large

472M 12 12

Table 9: The table displays information regarding the
parameter count, as well as the number of encoder and
decoder layers for both the OFA Base and OFA Large
models.

of triples as context. We have provided results for812

both scenarios: without and with fine-tuning on the813

FVQA dataset, as elaborated in Section 5.814

D Training CLIP Model815

CLIP model (Radford et al., 2021) is trained for816

image-text similarity and not for image-triples817

similarity. Therefore, we train the CLIP model818

to extract triples that are relevant to the image.819

We denote the set of triples from the knowledge820

graph as tk, and the reference image as I. To iden-821

tify the triples that are relevant to the reference822

image, we minimise the following objective, -823

log
exp(s(I,t

(+)
k )eτ )

exp(s(I,t
(+)
k )eτ )+

∑
j exp(s(I,t

(j)
k )eτ )

824

We implement s(I, t(+)
k ) using CLIP as:825

s(I, t
(+)
k ) = cos(CLIPV (I), CLIPT (tk))826

Here t
(+)
k denotes the triple relevant to the im-827

age, t(j)k denotes the irrelevant triples for an im-828

OFA(Ours)
Types of Questions With No Triples With All Triples

1-Hop 72.20% 76.81%
1-Hop Counting 75.95% 76.00%
1-Hop Subtraction 29.80% 30.06%
Boolean 86.10% 94.40%
Comparison 83.59% 88.77%
Counting 81.10% 81.30%
Intersection 78.19% 76.40%
Multi-Entity 71.10% 76.32%
Multi-Hop 74.22% 81.70%
Multi-Relation 72.12% 83.92%
Spatial 89.02% 83.43%
Subtraction 4.50% 7.20%

Table 10: The table presents the performance of various
question types in two distinct scenarios: one without the
inclusion of any triples as context (referred to as "With
No Triples"), and the other with all the relevant triples
filtered by images, while not applying any filtering on
the questions (referred to as "With All Triples").

age and τ denotes temperature parameter which 829

controls the range of the logits in the softmax as ex- 830

plained in (Radford et al., 2021). Since there isn’t 831

a specific dataset available for images and their 832

relevant triples, we utilize the ViQuae Wikipedia 833

Corpus (Lerner et al., 2022) to acquire the images 834

and their corresponding triples. We have chosen 835

2000 instances that include images and their related 836

triples, which were extracted using the Wikidata 837

knowledge graph (Vrandečić and Krötzsch, 2014). 838

We train the CLIP model using the above objective 839
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Model Without-fine-tuning With-fine-tuning
OFA-Base 33.28 39.94
OFA-Large 34.84 43.20

Table 11: Results on FVQA dataset. Exact match
score with and without fine-tuning on the FVQA dataset.
Triples relevant to images are computed by considering
the whole image without dividing it into patches.

Model Without-fine-tuning With-fine-tuning
OFA-Base 33.75 44.62
OFA-Large 38.42 46.71

Table 12: Results on FVQA dataset. Exact match
score with and without fine-tuning on the FVQA dataset.
Triples relevant to images are computed by considering
each object in the image.

to get relevant triples.840

E More Examples841

Refer to Table 13 for the examples used in Sec-842

tion 6, as well as some additional examples that843

demonstrate the effectiveness of our approach. Ta-844

ble 13 includes certain questions that do not neces-845

sitate any knowledge (as seen in Row 7). These can846

be addressed solely based on image features, with-847

out the need for external knowledge. Supplying848

triples in these instances results in incorrect pre-849

dictions. These questions predominantly belong to850

the spatial category. Additionally, some questions851

are straightforward and do not require knowledge852

filtering (as seen in Row 10). Providing all triples853

without filtering based on questions in these cases854

would also yield correct answers, eliminating the855

need for filtering. These questions are primarily856

1-hop questions. However, for complex categories857

such as 1-hop subtraction, multi-hop, etc., a robust858

reasoning capability is required. Therefore, supply-859

ing filtered knowledge is essential to prevent any860

confusion that could lead to incorrect predictions.861
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Question True Answer No Triples All Triples Filtered Triples Image

Is the person in
the image a politi-
cian?

No Yes No No

In which country
was the person in
the image born?

Slovakia Hungary Slovakia Slovakia

For how many
years did the
person in the
image live?

83 72 82 83

Were all the peo-
ple in the image
born in the same
country?

No Yes Yes No

Who among the
people in the im-
age ever married
Vladimir Soshal-
sky?

Person on the left Person on the
right

Person on the
right Person on the right

For how many
years did the
person in the
image live?

79 86 85 79

Do all the people
in the image have
a common occupa-
tion?

No Yes Yes No

Who is to the right
of Jorge Toriello
Garrido?

Jacobo Árbenz Jacobo Árbenz jajaxedlol Jacobo Árbenz

In which year did
the person in the
image start profes-
sional activities?

1911 1920 1986 1956

Who among the
people in the im-
age ever married
to Bill Williams?

Person in the right Person in the
left

Person in the
right Person in the right

Table 13: Error analysis table, presents instances from the datasets and their predicted answers in three settings
mainly no triples, all triples and filtered triples.
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