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Human Cognition is complex and highly sophisticated system capable of
accomplishing astonishing feats, partly due to our ability to seek out and
overcome “unknowns,” or gaps in our knowledge, skills, and capabilities.
Artificial Intelligence (AI) systems often draw inspiration from human intelligence,
however, they often lack the ability to recognize when their knowledge is
insufficient, leading them to provide answers even when incorrect. This limitation
poses significant challenges, particularly in human-AI teaming and edge AI
scenarios, where systems may lack requisite knowledge of the environment.
To address this, we propose Tiny Knowledge Gap Identification (TinyKGI), a
lightweight framework for automatically identifying plausible cognitive skills that
the model lacks (i.e., Knowledge Gaps; KGs), which could lead to incorrect
predictions. Our framework leverages human cognitive skills to structure how AI
models reason and to define the types of Knowledge Gaps they may plausibly
exhibit. By identifying insufficient cognitive capabilities, TinyKGI enables the
development of more reliable and robust AI systems. TinyKGI uses a deep
learning approach to classify different types of KGs for multimodal reasoning
tasks while enabling efficient inference in resource-constrained environments.
Through model quantization, we significantly reduce the memory footprint and
execution time, resulting in a compact and lightweight model. Evaluated on three
datasets, TinyKGI improves Macro-F1 scores by up to 10% over the previous
state-of-the-art, while achieving up to a 1.8× speedup and a 4× reduction in
memory usage. We further evaluate TinyKGI on an edge device (Jetson Nano),
where it achieves a 1.7× speedup and a 3.9× reduction in memory with only a
0.1% degradation in Macro-F1 score.

KEYWORDS

artificial intelligence, cognitive science, edge computing, human-AI teaming, multi-
modal learning

1 Introduction

Autonomous AI systems are increasingly being used and deployed for a wide range
of tasks and on edge devices. Research on human cognition and AI systems has been
ongoing for many years, and the two are deeply interconnected. Humans can process and
perform tasks through cognitive processes that encompass capabilities such as perception,
memory, reasoning, etc. (Carroll, 1993). They also learn from experience and accumulate
knowledge that can be used for new tasks (Spelke, 2017). These abilities allow humans
to recognize when they do not know something and seek more information to complete
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the task, adapt their strategies (Newell et al., 1972). Humans
further leverage metaknowledge using patterns of past
knowledge as sources of information to guide problem solving
(Gentner and Collins, 1981; Gonzalez and Dutt, 2011).

Autonomous AI systems, on the contrary, lack the ability to
automatically adapt to changing environments. Unlike humans,
who can identify gaps in their knowledge and employ various
approaches to resolve them (Newell et al., 1972), AI models
frequently produce confident but incorrect answers when faced
with incomplete, ambiguous, or insufficient information. Research
in human cognition and AI has long progressed and complements
each other. There have been studies of AI systems inspired by
human cognition, such as research for AI systems to learn to
build causal models to support explanation and understanding,
ground learning, enrich knowledge and harness compositionality
to rapidly learn new tasks (Lake et al., 2017). Indeed, the influence
cognitive science research has on AI is difficult to overstate. While
deep learning frameworks have become increasingly powerful,
they still lack the ability to identify when essential knowledge
is missing.

Knowledge is gradually accumulated through experience and
learning across humans’ lifespan, allowing them to apply prior
understanding to new tasks (Spelke, 2017) and it is unreasonable
to expect humans or intelligent systems to contain complete
knowledge about every possible situation. Additional knowledge
may be acquired through explicit instructions or interaction to
guide to learn to perform new tasks, but this knowledge may
also be insufficient or incomplete. Such insufficiency can cause
an intelligent system to behave erroneously and giving rise to
one or more Knowledge Gaps. Despite the importance of such
gaps for understanding and improving intelligent behavior, there
is relatively little research that directly focuses on identifying and
characterizing them.

Knowledge gaps (Schmidt, 2020) occur when there is
limited or missing information, leading the system to cause
erroneous behavior, process halting, poor contextual reasoning,
and grounding. Motivation for addressing KGs comes from how
humans process and reason through tasks to help models learn
to address these gaps (Bajaj et al., 2022; Motlagh et al., 2022;
Ball et al., 2010). Our goal is to incorporate human cognitive
abilities into autonomous AI systems to make them more robust
and reliable by mapping cognitive skills to KGs required for the
task. Identifying the knowledge gap type present in the system can
provide actionable insights for improving the system’s reasoning
capabilities. We use human cognitive skills as a foundation to define
and interpret Knowledge Gaps in AI systems. At the first level of
interaction, our framework draws directly from human cognitive
skills to structure how AI models reason and to define the types of
Knowledge Gaps they may plausibly exhibit.

To study this problem, researchers have investigated Visual
Question Answering (VQA) as a testbed. In recent years, VQA
(Antol et al., 2015) has emerged as a powerful and widespread
application of the ability of AI systems to assimilate knowledge
sources and use them to draw inferences. This AI-complete
(Özdemir and Akagündüz, 2024) task is not feasible to accomplish
with any single algorithm, instead it is situated at the intersection
of three areas of cognitive science & AI: reasoning, language,

and vision (Bajaj, 2024). Recent multimodal models like GPT-
4 (OpenAI et al., 2024) and Gemini (Team et al., 2024) show
remarkable capabilities in processing visual and language data
for VQA (Liu M. et al., 2024; Özdemir and Akagündüz, 2024);
however, robustness is still compromised when faced with
uncertain, ill-defined, or ambiguous inputs. Prior work has
examined this issue through uncertainty estimation in Visual
Question Answering, including approaches such as Zhang et al.
(2024), which are closely aligned with the motivation of addressing
overconfident but incorrect predictions. These studies identify
overconfidence in VQA models, often arising from language bias,
and propose calibration techniques to improve reliability and
generalization. While such approaches focus on identifying when
a model may be incorrect, our work focuses on identifying the
underlying knowledge gaps required for a given task, providing
insight into why such errors occur.

Prior research (Bajaj et al., 2022) in Knowledge Gap
Identification (KGI) for VQA relies on rule-based methods
and metadata associated with questions to classify knowledge gap
types. Although Bajaj et al. (2022) has proposed the KG processes
and made a huge effort toward the framework implementation,
it still limits in performance and scalability. Table 1 presents the
Knowledge Gaps and their corresponding cognitive capabilities,
adapted from the taxonomy in Schmidt (2020) and Bajaj et al.
(2022), which was derived from prior cognitive science research
(Collins et al., 1975; Gentner and Collins, 1981).

AI systems are increasingly being deployed on edge devices
and shifting rapidly from cloud-based infrastructures to on-device
computation. This shift is motivated by the demand for lower
latency in human-AI interaction, energy efficiency, scalability,
robustness, and enhanced privacy. However, implementing deep
neural networks for feature extraction and KGI model execution
in resource-constrained environments like edge devices remains
an unsolved challenge due to computational overhead.With the
exponential growth of IoT devices producing data daily, there
is an increasing need for on-device AI that is faster, low-power
and always available. Performing inference on-device near the
data source enables faster response times and preserves privacy
while reducing the energy cost and overhead associated with
wireless communication. Edge inference is particularly beneficial
for applications where real-time decision-making is crucial, such
as autonomous systems.

In this work, we utilize a combination of pre-trained language
models (e.g., BERT, MPNet, and ALBERT) for text and foundation
vision models (e.g., SAM, SAM2, CLIP, and DINOv2) for images.
These foundation models form the backbone of the TinyKGI
framework, enabling robust linguistic and visual feature extraction,
which allows efficient identification of knowledge gaps. To
overcome the limitations of the prior research, this work presents
Tiny Knowledge Gap Identification, an efficient and compact model
leveraging pre-trained language and foundation vision models to
identify knowledge gaps in VQA reasoning. At the second level
of interaction, TinyKGI supports interaction between humans and
on-device AI by enabling KGI inference for a given task in resource-
constrained settings. TinyKGI consists of three components a
question encoder, an image encoder and classifier model which
integrates multi-modal features for KG identification. Adapting our
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TABLE 1 Knowledge gap types and associated cognitive capabilities.

Knowledge gap type Cognitive capabilities Knowledge gap description

Activity Perception Actions being performed by a person or object cannot be interpreted.

Material Perception The object’s composition or texture is not clear.

State Perception, categorization The object’s or person’s condition cannot be interpreted.

Location Spatial, perception, attention The physical location of a place cannot be understood.

Reasoning Reasoning, memory Unable to perform logical inferences or draw conclusions due to insufficient knowledge.

Attribute Perception The object’s properties are unknown.

Sentiment Language, Emotion The sentiment conveyed cannot be interpreted.

Counting Reasoning, perception, attention The quantity of the item cannot be estimated.

Entity resolution Attention, perception The object’s presence cannot be interpreted.

Direction/positional reasoning Spatial, Attention, Perception The object’s position is unsure.

Size Spatial, attention, perception The object’s size or distance cannot be interpreted.

Color Perception The color of the object is unclear.

Scene recognition Attention, perception The interpretation of the scene is unclear.

Utility affordance Memory, reasoning The object’s utilities and affordances cannot be determined.

KGI framework for resource-constrained environments enables
real-time identification of knowledge gaps directly on edge devices,
making the system faster, energy-efficient, privacy-preserving, and
reliable. While the current work demonstrates inference under
simulated resource-constrained settings, our long-term goal is to
achieve on-device deployment for robust and scalable applications.
The main contributions are as follows:

• TinyKGI model: We identified the efficient approach for
automatic KG identification.

• Incorporating image features: While the prior work uses only
question features, we explored adding image features for
KG identification.

• Inference on resource-constrained environment: Tiny
Machine Learning techniques are applied to the encoders and
model to perform inference on edge devices.

• Inference on an edge device: We evaluate TinyKGI on a Jetson
Nano, demonstrating practical efficiency gains with minimal
impact on accuracy.

2 Related work

Autonomous AI systems are said to have a plausible set of
Knowledge Gaps (KGs) (Schmidt, 2020) tailored to the task being
solved. Schmidt introduced the KG taxonomy that composes the
types of KGs in a hierarchical structure. This taxonomy consists of
various KGs retrieved from prior research in cognitive science and
tailored for these systems. Figure 1 shows the KG taxonomy used in
this work and is not a fixed or exhaustive list of KGs.

Further, Bajaj et al. (2020) extended the KG taxonomy and
proposed a refined version specifically for Visual Question
Answering, identifying KGs for reasoning over language and visual
inputs. This updated version of the KG taxonomy for VQA task
is adapted in our work. Additionally, the author tags one or more

KGs to the questions to quantify the VQA model performance with
respect to each of the knowledge gaps. Bajaj et al. (2022) proposed a
paradigm for KG detection, identification and resolution processes.
This work uses metadata present in VQA datasets such as question
type or functional programs to annotate KGs. For example, if the
question type was “positionVerify,” “Direction Gap” is assigned as
it represents identifying spatial position. A Bidirectional Encoder
Representation from Transformers (BERT) classifier model was
fine-tuned for this annotated dataset to predict knowledge gaps.

The Tiny Machine Learning paradigm aims to implement
methods to improve model performance by less computation, less
data for training, and inference. Mainly developed to build smaller
models and deploy those models on edge devices to perform
inference on low power hardware. The article by Jacob et al. (2018)
proposes a quantization scheme to perform inference using integer-
only arithmetic by developing a approach where the model is
trained in floating point and integer inference. Lin et al. (2022)
discusses training AI models on edge devices by using two methods
Quantization-aware Scaling and Sparse Update for reducing the
computation during model training and performing inference after
code generation. The article by Liu Z. et al. (2024) proposes a
solution to reduce large quantization errors when post-training
quantization (PTQ) is applied to weights, activations by learning
orthogonal rotation matrices.

3 Visual question answering datasets

Numerous VQA datasets are available in the
literature, including CLEVR (Johnson et al., 2017), GQA
(Hudson and Manning, 2019), VQA (Antol et al., 2015), VQA
v2.0 (Goyal et al., 2017), TDIUC (Kafle and Kanan, 2017), and
OK-VQA (Marino et al., 2019). VQA datasets typically contain
images, questions, and answers for model training. For Knowledge
Gap Identification, we require the KGs for each question-image

Frontiers in Computer Science 03 frontiersin.org

https://doi.org/10.3389/fcomp.2026.1817034
https://www.frontiersin.org/journals/computer-science
https://www.frontiersin.org


Sridhar et al. 10.3389/fcomp.2026.1817034

FIGURE 1

Knowledge gap taxonomy (images reproduced with permission from the TDIUC [https://kushalkafle.com/projects/tdiuc.html#download], GQA
[https://cs.stanford.edu/people/dorarad/gqa/download.html] and CLEVR [https://cs.stanford.edu/people/jcjohns/clevr/] datasets).

pair. The VQA datasets used in this work are: GQA, CLEVR, and
TDIUC. For the datasets that do not come with KGs as metadata,
rule-based mapping from Bajaj et al. (2020) is used to tag the
KG to question-image pair. Table 2 shows the dataset and its
corresponding plausible KGs shortlisted for the nature of questions
and images. The Compositional Language and Elementary Visual
Reasoning (CLEVR) contains synthetic images composed of
3D objects covering a range of reasoning abilities. To evaluate
our TinyKGI pipeline, we use CLEVR: a diagnostic dataset with
detailed annotations and minimal biases (Johnson et al., 2017).
Further, we test the generalization capability of our approach
on real-world images using GQA (Hudson and Manning, 2019)
and its rich scene graph annotations. Both of these datasets have
one or more KGs for each question-image pair. Next, is the
Task Directed Image Understanding Challenge (TDIUC) dataset
(Kafle and Kanan, 2017), which consists of question-image pairs
and their type or the reasoning skill needed for prediction. It has
one KG per question-image pair.

4 Methodology

4.1 Tiny knowledge gap identification

Let the input to the TinyKGI model be denoted as (Q, I) where
Q represents the natural language question and I represent the
image. The knowledge gaps for the VQA datasets are denoted as
K = {k1, k2, k3.., kn}. The aim of knowledge gap identification
is to predict the plausible subset of K knowledge gaps leading to

TABLE 2 Knowledge gap tags for VQA datasets.

VQA datasets Knowledge gap tags

GQA Activity, attribute, direction, entity resolution,

location, material, reasoning, sentiment, size, state

CLEVR Attribute, counting, direction, entity resolution,

material, size

TDIUC Object presence, color, scene recognition,

counting, attribute, activity recognition, positional

reasoning, object recognition, utility affordance,

sentiment understanding

incorrect prediction. The proposed TinyKGI framework consists of
three components:

1. Question encoder: Uses pretrained language transformer models
to extract the feature embeddings from Q and produces a fixed-
length embedding via a pooling operation over the last-layer
token representations, resulting in the question feature vector
fQ.

2. Image encoder: Uses pretrained vision transformers and
convolution neural networks to extract image feature vector
denoted as fI .

3. Classifier and fusion mechanism: We train two TinyKGI
models: question-only (TinyKGI-Q) and question-image model
(TinyKGI-Q+I). TinyKGI-Q uses the question features fQ
as input. TinyKGI-Q+I model concatenates fQ and fI into
FQ+I = [fQ ‖ fI ]. The TinyKGI model is implemented using a
Multi-Layer Perceptron (MLP) for classification.
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Figure 2 shows the overall TinyKGI model architecture and it
is systematically benchmarked using different question and image
feature encoders to determine the optimal configuration. For
GQA and CLEVR datasets we implement multi-label classification
to identify KGs and for TDIUC multi-class classification
is implemented.

FIGURE 2

TinyKGI architecture.

4.2 Question feature extraction

This section formalizes the derivation of the question
representation fQ ∈ R

768 that is supplied to the TinyKGI model.

4.2.1 Sentence-transformer encoder

Each question is tokenized into a WordPiece/SentencePiece
sequence Q = (w1, . . . , wL), L ≤ Lmax. A pre-trained language
model from the sentence_transformers library is used for
the final mapping

fθ : V≤Lmax −→ fQ ∈ R
768

of the sequence to a fixed-length question feature vector.
All text encoders are invoked via the

sentence_transformers library (v4.1)
(Reimers and Gurevych, 2019).

TABLE 3 Sentence-Transformer checkpoints evaluated in the ablation study.

paraphrase-albert-small-v2

paraphrase-MiniLM-L3-v2

all-MiniLM-L6-v2

all-MiniLM-L12-v2

multi-qa-distilbert-cos-v1

all-distilroberta-v1

all-mpnet-base-v2

distiluse-base-multilingual-cased-v1

paraphrase-multilingual-mpnet-base-v2

FIGURE 3

Knowledge gap identification and TinyKGI model architecture using segment anything (SAM) model.
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4.2.2 Model zoo and selection rule

We instantiate fθ with the nine publicly available checkpoints
shown in Table 3. We retain the four encoders that either (a) achieve
the highest macro-F1 or (b) run inference with the smallest latency
or memory footprint:

• BERT-base-uncased,
• all-mpnet-base-v2 (best accuracy/speed trade-off),
• paraphrase-MiniLM-L3-v2 (fastest), and
• paraphrase-albert-small-v2 (smallest memory).

These four frozen-weight models serve as drop-in modules for
the full Experimental Results section and additional results in
Supplementary section.

4.3 Image feature extraction

Let an RGB image be denoted by I ∈ R
H×W×3, where H

and W are the original height and width, respectively. For every
question-image pair, we consider three approaches to computing
visual representations:

4.3.1 Global features

We experiment with two ImageNet-1K pretrained backbones:
ResNet-18 and ResNet-34, following the original architecture
definitions (He et al., 2015). We remove the classification head
for TinyKGI image feature extraction. The final avgpool layer
outputs a C = 2048-dimensional embedding for both ResNet-18
and ResNet-34 models.

The input image I is bilinearly resized & cropped to Ĩ ∈
R

224×224×3. Pixel intensities are rescaled to [0, 1] and channel-
wise normalized using μ = [0.485, 0.456, 0.406] and σ =
[0.229, 0.224, 0.225].

The pre-processed crop Ĩ is passed through the chosen
backbone in inference mode, producing its penultimate-layer
activation. The resulting image feature vector fI ∈ R

2048 vector
encapsulates holistic scene content and serves as the baseline
visual descriptor.

4.3.2 Grounded localized features

In order to focus on question-relevant visual evidence, we
derive an image representation grounded in localized features.
We isolate regions of an image that are related to the visual
question using an open-set object detector, Grounded SAM
(Ren et al., 2024), based on Meta’s Segment Anything Model (SAM)
(Kirillov et al., 2023).

Given a visual query Q as a caption and its corresponding image
I as input, Grounded SAM returns a set of K binary masks

M = {Mk}K
k=1, where each mask Mk ∈ {0, 1}H×W

For each mask Mk we compute its axis-aligned bounding box

Bk = (x(k)
min, y(k)

min, x(k)
max, y(k)

max).

The grounded region of interest is the tightest box enclosing all
objects:

B� =
(

min
k

x(k)
min, min

k
y(k)

min, max
k

x(k)
max, max

k
y(k)

max

)
.

We crop I to B� and resize the crop to 224 × 224px, obtaining
I�.

Applying the frozen ResNet backbone again yields the image
feature vector fI ∈ R

2048 that aims to capture localized visual
features from image regions pertinent to each query.

The joint image-question representation consumed by the
classifier is the row-wise concatenation of the question and image
feature vectors

FQ+I = [
fQ ‖ fI

] ∈ R
(768+dI ).

Figure 3 illustrates the TinyKGI architecture, where image
features are extracted using the Segment Anything Model
(SAM/SAM2) and subsequently used for the downstream
Knowledge Gap Identification task.

4.3.3 Vision transformer-based global features

In addition to convolutional backbones, we also evaluate
vision transformer–based image encoders to extract global
visual representations. Specifically, we experiment with CLIP
(Radford et al., 2021), DINOv2 (Oquab et al., 2023), and Google’s
Vision Transformer (ViT) (Dosovitskiy, 2020) models pre-trained
on large-scale image corpora.

For these models, the input image I is resized to 224 × 224
pixels and normalized according to the preprocessing requirements
of each pre-trained backbone. Image features are extracted from the
final transformer layer by using the pooled output or the [CLS]
token representation, depending on the architecture. This produces
a fixed-length image embedding fI ∈ R

dI that captures global
semantic information from the image.

These vision transformer–based representations are used
directly for Knowledge Gap Identification by concatenation
with the corresponding question embedding, forming the joint
representation FQ+I = [fQ ‖ fI ]. Unlike grounded localized
features, these models operate on the full image and do not require
visual query or segmentation masks.

4.4 TinyKGI classifier

The TinyKGI classifier is implemented as a lightweight multi-
layer perceptron (MLP) designed to predict Knowledge Gap (KG)
labels from question and, optionally, image representations. The
classifier operates on either question-only features (TinyKGI-Q) or
concatenated question–image features (TinyKGI-Q+I), depending
on the configuration.

Let fQ ∈ R
dQ denote the question feature vector produced by

the question encoder and fI ∈ R
dI denote the image feature vector
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FIGURE 4

Floating point to integer quantization.

produced by the image encoder. For the multimodal setting, the
input to the classifier is formed by concatenation:

x = [
fQ ‖ fI

] ∈ R
dQ+dI .

In the question-only setting, the classifier input reduces to x = fQ.
The classifier consists of two fully connected hidden layers with

ReLU activations, followed by an output layer that predicts the
Knowledge Gap labels. The network architecture is defined as:

h1 = ReLU(W1x + b1),

h2 = ReLU(W2h1 + b2),

ŷ = W3h2 + b3,

where the first and second hidden layers have dimensions 512 and
256, respectively. Dropout with a rate of 0.3 is applied after each
hidden layer to mitigate overfitting.

For datasets requiring multi-label Knowledge Gap prediction
(GQA and CLEVR), the output logits ŷ are passed through a
sigmoid activation. For datasets with mutually exclusive Knowledge
Gap labels (TDIUC), a softmax activation is applied. The TinyKGI
classifier is trained using the binary cross-entropy loss with logits
(BCEWithLogitsLoss) for all datasets. Model parameters are
optimized using the AdamW optimizer, which decouples weight
decay from gradient updates to improve generalization.

4.5 Tiny machine learning optimizations

To enable efficient deployment of TinyKGI in resource-
constrained and edge environments, we apply Tiny Machine
Learning (TinyML) optimization techniques to both the feature
encoders and the downstream Knowledge Gap Identification
(KGI) classifier. These optimizations reduce inference latency and
memory footprint while preserving performance.

4.5.1 Post-training quantization

We apply post-training dynamic quantization from pytorch
library to the pre-trained question encoders, image encoders,
and the TinyKGI classifier. In this setting, model weights are
quantized from 32-bit floating-point (fp32) to 8-bit integer
(int8) precision, while activations are computed dynamically at

FIGURE 5

Flash attention.

inference time as shown in Figure 4. This approach significantly
reduces memory consumption and improves inference efficiency
without requiring retraining or access to calibration data.

For transformer-based encoders, quantization is applied to the
linear projection layers within both the feed-forward and attention
blocks. For the TinyKGI classifier, all linear layers are quantized to
int8, enabling lightweight downstream inference on CPU.

4.5.2 Post-training quantization with flash
attention

For transformer-based encoders, we further combine post-
training quantization with Flash Attention (Dao, 2023). Flash
Attention replaces the standard scaled dot-product attention
mechanism with a fused, memory-efficient kernel that reduces
memory access overhead and improves computational throughput.
Since the attention mechanism accounts for a significant portion of
inference latency in Vision Transformer (ViT)-based and language
transformer models, enabling Flash Attention provides substantial
speedups during inference.

Meta’s Segment Anything Model (SAM) (Kirillov et al., 2023)
employs a Vision Transformer-based (ViT-based) image encoder
to assimilate image features. The inference cost of the attention
mechanism is over 90% of the total runtime to compute masks
for objects in an image. We enable Flash Attention 2 (Dao, 2023)
(Figure 5) replacing naive Scaled Dot Product Attention to achieve
significantly higher throughput at inference time per image.

4.5.3 SpinQuant

We additionally evaluate SpinQuant (Liu Z. et al., 2024), a
rotation-based post-training quantization technique designed
to improve quantization robustness by mitigating weights
and activation outliers. SpinQuant introduces learnable
orthogonal rotation matrices into transformer layers and
attention blocks prior to quantization. These rotations are trained
to redistribute activation values, reducing quantization loss in
low-precision inference.
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In our implementation, the rotation matrices are trained using
a combination of mean squared error (MSE) and contrastive
loss, with early stopping applied to prevent overfitting. While
SpinQuant effectively reduces model size and maintains stable
performance, its benefits are more pronounced in tasks with
significant activation outliers. As shown in our experiments,
Knowledge Gap Identification does not strongly exhibit such
characteristics, resulting in comparatively smaller performance
gains relative to PTQ with Flash Attention.

5 Experimental results

5.1 Experimental setup

In this section, we evaluate the performance of our proposed
TinyKGI framework on three Visual Question Answering datasets,
with primary analysis conducted on the GQA dataset. Ablation
study can be found in the Supplementary section. We compare
question-only TinyKGI models (TinyKGI-Q) and question-image
models (TinyKGI-Q+I) across multiple Knowledge Gaps using F1
score, inference time, and memory footprint as evaluation metrics.

The TinyKGI classifier is implemented as a Multi-Layer
Perceptron (MLP) consisting of three fully connected layers with
a dropout rate of 0.3. For multi-label classification tasks (GQA and
CLEVR), a sigmoid activation function is used in the output layer,
whereas a softmax activation is applied for multi-class classification
in the case of TDIUC. All models are trained using Binary Cross-
Entropy with logits loss.

Training is performed on H100 or V100 GPUs with a batch
size of 64. Early stopping is applied with a patience of 10 epochs
to prevent overfitting. Inference is performed on GPU to compare
multiple optimization techniques.

We evaluate four pre-trained question encoders and seven
image encoders, resulting in a comprehensive comparison across
three datasets. To assess inference on resource-constrainted
environments, we further apply multiple TinyML optimization
techniques, including post-training quantization (PTQ), PTQ with
Flash Attention, and SpinQuant.

5.2 Best knowledge gap identification
model

Table 4 reports the Macro-F1 scores of the best-performing
full-precision and fully quantized TinyKGI models across the
three datasets. The full-precision model is trained and evaluated
using 32-bit floating-point arithmetic, whereas the fully quantized
model performs both training and inference using 8-bit integer
precision. Overall, quantized TinyKGI achieves consistently high
performance, with only a marginal decrease in Macro-F1 observed
when moving from full-precision to int8 quantized inference.

These results indicate that TinyKGI is robust to quantization,
enabling efficient deployment on resource-constrained devices
while preserving accuracy. Notably, for CLEVR, both the

TABLE 4 Macro-F1 scores for the best full-precision and quantized question-only models

across datasets.

Dataset TinyKGI

(Mpnet-base) (fp32)

TinyKGI

(MiniLM-L3) (int8

+ flash attention)

GQA 99.13 99.00

CLEVR 100.00 100.00

TDIUC 99.56 99.04

TABLE 5 Macro-F1 performance of TinyKGI question-only and question-image models across

knowledge gaps on GQA.

Knowledge gap Previous

SOTA(fp32)

TinyKGI-

Q

(int8)

TinyKGI-

Q+I

(int8)

Activity 91.0 99.4 98.5

Attribute 96.0 99.5 99.1

Direction 96.0 98.3 98.1

Entity resolution 97.0 99.4 99.0

Location 79.0 99.2 99.0

Material 84.0 97.9 96.9

Reasoning 97.0 99.5 98.9

Sentiment 79.0 99.8 99.1

Size 86.0 99.3 98.3

State 83.0 97.7 95.8

Macro F1 88.8 99.0 98.27

full-precision and quantized models achieve perfect Macro-
F1 performance, highlighting the effectiveness of the proposed
approach across different datasets.

5.3 Comparison with previous
state-of-the-art

Table 5 compares the proposed TinyKGI models with the
previous state-of-the-art Knowledge Gap Identification approach
introduced by Bajaj et al. (2022), which uses BERT-based question
feature fine-tuning. Figure 6 shows the comparison of the quantized
TinyKGI-Q and TinyKGI-Q+I models with the previous state-
of-the-art (FP32), highlighting performance improvements across
individual knowledge gaps.

Our results demonstrate substantial improvements over
the prior approach across all evaluated Knowledge Gaps.
Both TinyKGI-Q and TinyKGI-Q+I models outperform the
previous state-of-the-art, with the question-only TinyKGI-Q model
achieving the highest overall Macro-F1 score. This increase in
performance highlights the efficiency of the proposed architecture
KG Identification. TinyKGI-Q performs best for Sentiment,
Attribute, Reasoning, and Activity Knowledge Gaps, as these gaps
can be attributed to well-defined words and phrases in the question.
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FIGURE 6

Absolute F1-score by knowledge gap.

5.4 Quantized TinyKGI-Q vs. TinyKGI-Q+I

Next, we analyze the performance of the question-image
TinyKGI model (TinyKGI-Q+I), in which image and question
embeddings are concatenated for Knowledge Gap Identification.
Image features are extracted using a diverse set of encoders,
including Segment Anything (SAM), SAM2, CLIP, Google ViT,
DinoV2, and ResNet-34/18, covering both vision transformer-
based and convolutional architectures.

Table 5 presents the Macro-F1 performance of the quantized
TinyKGI-Q and TinyKGI-Q+I models. For all the Knowledge Gaps
evaluated, incorporating image features does not improve
performance for the Knowledge Gap Identification task.
Instead, we consistently observe a decrease in Macro-F1 when
comparing TinyKGI-Q+I to the corresponding question-only
TinyKGI-Q models.

We attribute this behavior to the nature of the Knowledge
Gap Identification task, which primarily depends on linguistic and
semantic cues present in the question, rather than visual content.
Unlike Visual Question Answering, where image understanding is
essential for predicting answers, identifying the type of Knowledge
Gap does not inherently require visual reasoning. Consequently,
incorporating image features may introduce additional noise,
negatively affecting classification performance.

Among the quantized models, the best-performing TinyKGI-Q
configuration uses MiniLM-L3 as the question encoder, while the
best TinyKGI-Q+I configuration combines MiniLM-L3 question
features with ResNet-18 image features.

5.5 Efficiency and TinyML optimization

Table 6 reports the Macro-F1 performance of the TinyKGI-Q
and TinyKGI-Q+I models under three optimization settings: full
precision (FP32), post-training quantization with Flash Attention
(PTQ + Flash Attention), and SpinQuant. Since Flash Attention
improves inference efficiency without affecting model accuracy, we
report results for PTQ with Flash Attention, as standard PTQ and
PTQ with Flash Attention yield identical performance.

TABLE 6 Macro-F1 performance across different encoders and optimization techniques.

Model FP32 PTQ + flash attention SpinQuant

BERT 98.95 98.66 96.66

Mpnet-Base 99.13 98.97 98.03

MiniLM-L3 99.06 99.00 98.27

Albert-Small 99.05 98.68 97.28

SAM 97.91 96.45 95.43

SAM2 98.20 97.89 95.77

CLIP 97.85 97.65 97.31

DinoV2 97.04 96.83 95.47

ViT 98.02 98.02 97.21

ResNet34 98.26 98.24 –

ResNet18 98.27 98.19 –

Across all configurations, SpinQuant consistently achieves
lower Macro-F1 scores compared to PTQ + Flash Attention.
This behavior can be attributed to the nature of the Knowledge
Gap Identification task, where we observe only a minimal
fraction of extreme outliers or discretization characteristics that
SpinQuant is designed to mitigate. As a result, the benefits of
rotation-based quantization are limited in this setting. For the
SpinQuant implementation, learnable orthogonal rotation matrices
are inserted into the transformer layers and attention blocks of
both question and image encoders. Training each SpinQuant model
requires approximately five hours, with early stopping applied
using a patience of five epochs.

Figure 7 shows a scatter plot illustrating inference speedup
relative to the full-precision (FP32) baseline versus the
corresponding drop in Macro-F1 score (%) across all question and
image encoders under different TinyML optimization techniques,
including PTQ (int8), PTQ with Flash Attention, and SpinQuant.
In this plot, optimization strategies are represented using distinct
marker shapes. We observe that MiniLM-L3 with PTQ + Flash
Attention achieves the highest inference speedup of approximately
3 × with only a negligible drop in Macro-F1. This is followed by
MiniLM-L3 with PTQ (int8), which achieves approximately 2.7
× speedup relative to FP32. Across most encoder architectures,
PTQ + Flash Attention consistently yields higher speedups than
standard PTQ (int8). Furthermore, both PTQ (int8) and PTQ
+ Flash Attention maintain a Macro-F1 drop below 0.5% while
achieving speedups ranging from approximately 1.2 × to 3 ×
compared to the full-precision baseline, indicating a optimal
efficiency–accuracy trade-off.

Across vision transformer–based encoders such as CLIP,
DinoV2, and ViT, post-training quantization (PTQ) consistently
reduces inference time compared to full-precision execution,
with further improvements observed when combined with Flash
Attention. In particular, PTQ with Flash Attention provides the
largest speedups for transformer-based image encoders. SpinQuant
yields smaller inference-time improvements relative to PTQ with
Flash Attention, likely due to the additional overhead introduced
by rotation operations. In contrast, convolution-based models
such as ResNet-34 and ResNet-18 exhibit limited benefits from
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Flash Attention and SpinQuant, as these techniques are primarily
optimized for transformer architectures.

Figure 8 shows a scatter plot illustrating memory reduction
relative to the full-precision (FP32) model versus the corresponding

FIGURE 7

Inference speedup vs. Macro-F1 drop plot for question and image
encoders.

FIGURE 8

Memory reduction vs. Macro-F1 drop plot for question and image
encoders.

drop in Macro-F1 score (%) across all encoders, with different
optimization techniques represented using distinct marker shapes.
For our best-performing model, MiniLM-L3 with PTQ (int8),
we observe approximately a 1.3× reduction in memory with
only a marginal drop in Macro-F1. Additionally, for image-based
models, PTQ (int8) achieves higher memory reductions of up to
approximately 3.8×, while maintaining less than 0.4% drop in
Macro-F1 score. We also observe that image models, including both
CNN-based architectures such as ResNet and transformer-based
models such as ViT, exhibit higher memory reduction. This can be
attributed to the fact that image models contain a larger proportion
of convolutional and linear layers, allowing quantization to be
applied to a greater fraction of model parameters, resulting in
higher memory reduction.

We extract grounded localized image features using the SAM
and SAM2 pipelines. The complete pipeline, from object detection
to feature extraction, takes approximately 0.53 seconds per image
for SAM and 0.3 seconds per image for the SAM2 PTQ with
flash attention models, resulting in about 25%–45% speedup in
throughput. Due to the multi-step nature of SAM/SAM2-based
feature extraction, we report only the end-to-end inference time.
Despite using grounded localized image features, we do not observe
an improvement in TinyKGI performance compared to ResNet-
based image encoders.

Figure 9 presents plots for TinyKGI-Q and TinyKGI-Q+I
models as well. From these plots, we summarize the end-to-
end inference time and memory footprint of the best-performing
configurations. For the TinyKGI-Q model, we observe an overall
inference speedup of approximately 3× along with a 1.3×
reduction in memory usage compared to the full-precision baseline.
Similarly, the best TinyKGI-Q+I model achieves an end-to-
end inference speedup of approximately 1.5× and a memory
reduction of about 1.8×. With these efficiency gains, PTQ
(int8) results in only a 0.1% drop in Macro-F1.These results
demonstrate that TinyKGI enables efficient, end-to-end Knowledge
Gap Identification while maintaining strong performance under
resource constraints. Figures 10–14 provides detailed per-encoder
results, while the scatter plots summarize the overall efficiency–
accuracy trade-offs.

FIGURE 9

TinyKGI end-to-end inference time speedup and memory reduction across optimization techniques vs. macro-f1 drop.
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FIGURE 10

Question encoder inference time.

FIGURE 11

Question encoder memory footprint.

5.6 TinyKGI edge inference

To further validate efficiency gains on real edge hardware, we
performed inference experiments on a Jetson Nano 2GB Developer
Kit to demonstrate efficiency gains on a resource-constrained
device while maintaining high accuracy. Since INT8 inference is not
natively supported on the Jetson Nano GPU, all experiments were
conducted on the CPU.

We evaluated our best TinyKGI configurations, comparing
a full-precision FP32 model using MpNet with a quantized
INT8 model using MiniLM-L3 question features. Inference was
performed using ONNX Runtime for both FP32 and INT8 models
due to limitations of the PyTorch quantization backend on the
Jetson Nano.

Table 7 presents the F1-scores for FP32 and INT8 TinyKGI
model inference on Jetson Nano for all the knowledge gaps in
the GQA dataset. The FP32 model achieves a Macro-F1 score
of 99.11%, while the INT8 model achieves 99.0%, indicating
minimal performance degradation. In terms of memory footprint
(for the TinyKGI classifier), the FP32 model requires 1325.91
KB, whereas the INT8 model requires 337.23 KB, corresponding
to approximately 3.9× memory reduction. For inference time,
the FP32 model takes 6.105 ms, while the INT8 model takes
3.645 ms for classifier-only inference, resulting in approximately
1.7× speedup per batch. These results demonstrate that TinyKGI
achieves real efficiency gains on edge devices with negligible impact
on accuracy.

FIGURE 12

Image encoder inference time.

FIGURE 13

Image encoder memory footprint.

6 Discussion

For question-only Knowledge Gap Identification (TinyKGI-
Q), transformer-based encoders consistently outperform prior
work, with MiniLM-L3 emerging as the best trade-off between
accuracy and efficiency. Quantization results show that post-
training quantization (PTQ), particularly when combined
with Flash Attention, provides substantial inference speedups
while preserving accuracy. SpinQuant leads to decrease in
memory footprint, yields comparatively smaller performance
gains for the KGI task, suggesting that Knowledge Gap
Identification does not strongly benefit from rotation-based
quantization strategies.

In contrast, incorporating image features (TinyKGI-Q+I) does
not improve Knowledge Gap Identification performance and often
results in a slight decrease in Macro-F1 scores. This observation
highlights that KGI primarily depends on linguistic and question
features rather than visual content, distinguishing it from VQA
tasks. However, the multi-modal model inference using TinyML
optimizations, enables flexible deployment on edge when visual
context is required.

Figure 1 presents examples from the three VQA datasets,
highlighting salient phrases and their corresponding Knowledge
Gap tags. From these examples, we observe that Knowledge Gaps
are highly dependent on the question itself and can be effectively
predicted using question features alone, which further explains why
incorporating visual features does not provide additional benefits in
this setting.
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FIGURE 14

TinyKGI end-to-end inference time and memory footprint across optimization techniques.

TABLE 7 TinyKGI edge inference F1-scores for best full-precision and quantized question-only

models for GQA dataset.

Knowledge Gap TinyKGI

(Mpnet-Base)

(fp32)

TinyKGI

(MiniLM-L3) (int8

+ flash attention)

Activity 99.4 99.4

Attribute 99.6 99.5

Direction 98.8 98.8

Entity resolution 99.5 99.4

Location 99.1 99.2

Material 98.3 97.9

Reasoning 99.7 99.5

Sentiment 99.8 99.8

Size 99.3 99.3

State 97.6 97.7

Macro F1 99.11 99.0

7 Conclusion

In this work, we introduced Tiny Knowledge Gap Identification
(TinyKGI), a lightweight and efficient framework for identifying
Knowledge Gaps in multi-modal reasoning systems. Inspired
by human cognitive processes, TinyKGI leverages cognitive

skill mappings to predict plausible Knowledge Gap tags that
may lead to erroneous reasoning in AI systems. Through
Knowledge Gap Identification, we obtain interpretable insights
into model behavior while enabling efficient inference in
resource-constrained environments.

We evaluated TinyKGI across three Visual Question Answering
datasets and demonstrated consistent state-of-the-art Macro-F1
performance, with minimal accuracy drop under low-precision
inference. From an efficiency perspective, TinyKGI achieves
substantial reductions in inference time and memory footprint
through TinyML optimization techniques, particularly post-
training quantization combined with Flash Attention. End-to-
end evaluation shows that TinyKGI enables fast and memory-
efficient inference, making it well suited for on-device and edge
AI applications. Overall, TinyKGI provides a robust and scalable
framework for understanding and improving reasoning in AI
systems, with direct implications for human–AI teaming and
edge deployment.

In this work, we focus on the identification of knowledge gaps
for a given task. Once identified, these gaps can be resolved through
various strategies, including human-in-the-loop interaction and
external knowledge retrieval. While knowledge gap identification
enables the agent to identify the reasoning skills required for a
given task and is challenging, integrating these predictions into
downstream applications such as improving VQA performance
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or human–AI interaction remains an important direction. Such
resolution and downstream integration are beyond the current
scope of this paper and can be extended for future work.
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