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Abstract

Recent advancements in deep learning have significantly
improved performance on computer vision tasks. Previ-
ous image classification methods primarily modify model
architectures or add features, and they optimize models
using cross-entropy loss on class logits. Since they fo-
cus on classifying images with considering class labels,
these methods may struggle to learn various aspects of
classes (e.g., natural positions and shape changes). Re-
thinking the previous approach from a novel view, we pro-
pose a multi-aspect knowledge distillation method using
Multimodal Large Language Models (MLLMs). Our ap-
proach involves: 1) querying Large Language Model with
multi-aspect questions relevant to the knowledge we want
to transfer to the model, 2) extracting corresponding log-
its from MLLM, and 3) expanding the model’s output di-
mensions to distill these multi-aspect logits. We then apply
cross-entropy loss to class logits and binary cross-entropy
loss to multi-aspect logits. Through our method, the model
can learn not only the knowledge about visual aspects but
also the abstract and complex aspects that require a deeper
understanding. We primarily apply our method to image
classification, and to explore the potential for extending our
model, such as object detection. In all experimental results,
our method improves the performance of the baselines. Ad-
ditionally, we analyze the effect of multi-aspect knowledge
distillation. These results demonstrate that our method can
transfer knowledge about various aspects to the model and
the aspect knowledge can enhance model performance in
computer vision tasks.

1. Introduction

Recent advancements in deep learning models have led to
significant performance improvements in the field of com-
puter vision, including image classification [20, 30, 31, 44],
object detection [16, 33, 36]. In particular, these advance-
ments, primarily focusing on improving model architec-
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tures or incorporating additional features, have greatly en-
hanced performance in image classification. The meth-
ods [9, 15, 28, 31, 44] output class logits and use cross-
entropy loss to optimize the models.

However, even if the images in a dataset belong to differ-
ent classes, they can consist of similar features and make the
task more challenging [5, 6, 10, 22, 32, 35]. For instance, in
CUB200 dataset [32], most classes share the same features
that the superclass “bird” has; i.e. beak, two wings, two
legs, and so on. This can require not only the class logit but
also additional visual features or aspects that require deeper
understanding.

How can humans effectively classify fine-grained im-
ages? When classifying fine-grained images, humans not
only consider the detailed visual aspects of the given image
but also take into account abstract and complex aspects that
require a more profound understanding [26]. For example,
when given a fine-grained image of a bird, humans might
think along the lines of “The beak is sharp,” or “There is a
river nearby,” combining both detailed visual features and
contextual information.

Inspired by this human ability, the question arises: Could
the model’s performance improve if we transfer knowl-
edge about various aspects to it? Multi-modal Large Lan-
guage Models (MLLMs) have also made significant ad-
vancements alongside Large Language Models (LLMs). By
taking multi-modal inputs, MLLMs [1, 13] can understand
and effectively represent visual information, enabling tasks
such as visual understanding [7, 29, 39] and image caption-
ing [11, 34, 42]. Additionally, since MLLMs can answer
abstract or complex questions, unlike image classification
models[9, 15, 28, 31, 44] that output class logits, we can
use MLLMs to transfer various knowledge that may help
classification to the model.

Rethinking previous methods from a novel view, we pro-
pose a simple yet effective multi-aspect knowledge distilla-
tion method using MLLM. Our method consists of three
main stages.

Firstly, as shown in Figure 1, we generate questions
about the aspects. The generated questions not only rep-
resent the aspects we aim to transfer to the model during



training, but also increase the uncertainty of a class, which
can help enable visual understanding. Secondly, we provide
the generated questions to MLLM to obtain the logits of
each aspect. Since MLLM can understand visual informa-
tion and answer abstract questions, the logits of the MLLM
may represent knowledge of the diverse aspects about the
dataset. Finally, to distill these extracted multi-aspect log-
its, we simply expand the dimension of the model’s output
by adding the number of aspects to the number of classes,
and then we optimize the model by applying cross-entropy
loss to the class logits and binary cross-entropy loss to the
aspect logits.

Through our method, we transfer knowledge about the
aspect we want the model to learn, enabling the model to
understand and learn various aspects of the data, which may
be helpful for computer vision tasks.

We conduct experiments on fine-grained and coarse-
grained image classification with various neural networks.
Our method outperforms the baselines. Additionally, we
analyze the impact of aspect knowledge and discuss the cor-
relations between the aspects and performances of the mod-
els. Also, to explore the potential for extending our model,
we expand it to other tasks, such as object detection and
Knowledge Distillation (KD).

In summary, our contributions are as follows:
We propose a novel, simple yet effective multi-aspect
knowledge distillation using MLLM.

To the best of our knowledge, we are first to provide the
novel view of distilling multi-aspect knowledge about ab-
stract and complex aspects that require a deeper under-
standing, extending the model’s output dimensions. This
enables the model to learn not only about the class but
also about these diverse aspects.

We primarily apply our method to image classification,
and to explore the potential for extending our model, we
expand it to other tasks, such as object detection. In
all experimental results, our method improves the perfor-
mances of the baselines. These results demonstrate the
potential of our method to be effective and easily applica-
ble to a variety of tasks. Furthermore, we provide analysis
regarding the aspects.

2. Related Work

Multimodal Large Language Models. Recently, Multi-
modal Large Language Models (MLLMs) [1, 2, 14, 40,
41] have shown significant performance improvements in
multi-modal problems such as visual question answering
and image captioning by leveraging large-scale datasets to
learn a joint embedding space where images and their cor-
responding textual descriptions are closely aligned. GPT-
4o [1] has the ability to get the context and has a human-
like text generation ability, showing strong performance not
only in the natural language processing area but also in
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multi-modal tasks. InternVL [4] can address both text and
image data and shows better performances in various mul-
timodal tasks (such as visual understanding, language gen-
eration, and visual QA) while using fewer computing re-
sources compared to other MLLMs. Motivated by this, we
apply the rich knowledge of MLLMs to image classifica-
tion.

Visual tasks with linguistic information. Many stud-
ies [3, 18, 21, 23, 27, 37, 38] try to extract linguistic infor-
mation from a large language model and use it to settle the
visual problems. One method [18] leverages the linguistic
knowledge for each visual category from LLM to generate
the descriptions and use the descriptions in zero-shot im-
age classification. Another method [37] creates a concise
set of representative visual attributes from LLM by leverag-
ing their learning-to-search method for interpretable visual
recognition. While these methods focus on generating at-
tributes for model training, our approach distills knowledge
about various aspects, extending the model’s output dimen-
sions.

3. Methodology
3.1. Multi-aspect Question Generation from LLM

Our method is illustrated in Figure 1. First, as shown in
Figure 1 (a), we create a total of N multi-aspect ques-
tions based on the class labels of the dataset using LLM.
We then consider visual, categorical, and environmental
aspects in the prompt by focusing on distinguishable fea-
tures such as shape, color, and background of class images
in each dataset and filter and select ) multi-aspect ques-
tions for rank prompting using the LLM. @ is the number
of multi-aspect questions we want to transfer to our model.
We use GPT-40 with the system prompt, “You are a good
question maker.”, and the instructions, “The dataset consists
of C classes and M images. The class list is as follows:
[CLASS], Generate N feature-specific Yes or No ques-
tions, focusing on clear and distinct aspects of the objects in
the images in the dataset.” and “Select () of the most rele-
vant and distinct questions from the list, focusing on various
key features that distinguish different class in the dataset.”.
These generated aspect questions represent the knowledge
we aim to transfer to the models based on datasets.

3.2. Logit Extraction for Multi-aspect Questions

We generate questions about aspects to be transferred to the
model from the LLM. As shown in Figure | (b), using an
MLLM, we input each image in the dataset and the gener-
ated multi-aspect questions, prompting it to answer yes or
no. We then extract the logits corresponding to yes and no
tokens, and apply the softmax function to both the yes and
no logits. We use the softmax results of the yes logits as the
targets. Let ¢ be the question index, zy, be the logit for yes
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Figure 1. Multi-aspect question generation and logit extraction. For multi-aspect question generation (a), we generate various aspect
questions from the LLM by using the class and prompt as instructions. For logit extraction about multi-aspect questions (b), we input
the generated multi-aspect questions along with the image into the MLLM to extract logits and obtain the probabilities corresponding to
yes token. For multi-aspect logit distillation (c), we expand the model’s output dimensions and apply both cross-entropy loss and binary

cross-entropy loss.

for the i-th question and z,, be the logit for no for the ¢-th
question respectively. The softmax probability ¢; is given
by:

e?vi

ei + e

¢ = D

3.3. Expansion of Model Output Dimension

To distill knowledge about multi-aspect questions into the
model, we simply expand the dimension of model output. If
the number of classes is C' and the number of multi-aspect
questions is @, then the dimension of the model’s output D
is:

D=C+Q 2

Also, we consider the expanded dimension D such that
from 1 to C is the class logit dimension, and from C' + 1
to D is the aspect logit dimension. The multi-aspect logit
dimension is used for the distillation of logits representing
the multi-aspect questions.

3.4. Multi-aspect Knowledge Distillation Loss

As shown in Figure 1, to distill multi-aspect logits, we
extend the model outputs by the number of multi-aspect
questions (). The class logit dimension of model output
is applied with cross-entropy loss, and the aspect logit di-
mension is applied with binary-cross entropy loss because
we use the probability of the yes token extracted from the
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MLLM as the target. We apply cross-entropy loss to the
outputs from 1 to C for class classification, and binary-cross
entropy loss from C'+1 to D using multi-aspect probability
q as the target. We refer to the binary cross-entropy loss for
multi-aspect questions as the multi-aspect knowledge distil-
lation (MaKD) loss.

:&:[7.;173923"'7:&07@0-}-17"'7:gD] (3)
C
Leg=—Y yilog )
1=1
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Where gy represents the predicted probability from
MLLM, y are the true labels for the classes, q are the targets
for the aspects extracted from the MLLM and « is a factor
for balancing the losses. The total loss is defined as follow:

(6)

Through our approach, the model can learn both classifi-
cation capabilities and the ability to understand abstract and
complex concepts by distilling knowledge about the aspects
from the MLLM.

Liotal = Lcg + aLyvakp



StanfordCars OxfordPets DTD 102Flowers

MLLM 14.30 49.38 49.20 26.88

Model Base  Ours Gap Base  Ours Gap Base  Ours Gap Base  Ours Gap
ResNet18 77.53 8338 +585 77.07 8224 +5.17 5573 5943 +3.70 9232 94.64 +2.32
ResNet34 8093 84.33 +3.40 79.07 8278 +3.71 5376 59.89 +6.13 9275 94.89 +2.14
MobileNet-V1  82.84 8543 +259 78.12 8275 +4.63 5722 6144 +422 94.14 9556 +1.42
EfficientNet 86.41 88.07 +1.66 83.42 8527 +1.85 60.28 62.87 +2.59 9586 96.78 +0.92

CUB200 FGVC-Aircraft Caltech101 Mini-ImageNet

MLLM 10.27 11.94 85.52 76.38

Model Base  Ours Gap Base  Ours Gap Base  Ours Gap Base  Ours Gap
ResNet18 53.83 60.07 +6.24 71.76 7433 +2.57 7335 75777 +242 76.86 7772 +0.86
ResNet34 5648 6193 +545 7556 7693 +1.37 7536 7756 +220 7747 78.65 +1.18
MobileNet-V1  58.85 6341 +4.56 78.22 8041 +2.19 76.64 79.14 +2.50 7750 78.84 +1.34
EfficientNet 66.04 6932 +3.28 84.16 84.88 +0.72 80.05 82.17 +2.12 73.05 75.07 +2.02

Table 1. Accuracy (%) on the fine-grained and coarse-grained image test set. For fine-grained image classification task, we use a total
of 6 datasets (StanfordCars [10], OxfordPets [22], DTD [5], 102Flowers [19], CUB200 [32], and FGVC-Aircraft [17]). For coarse-grained
image classification task, we use a total of 2 datasets (Caltech101 [6] and Mini-ImageNet [24]). MLLM is InternVL2-8B. Base is the
baseline using cross-entropy loss with class labels. We run each experiment three times and report the average results.

4. Experiments

4.1. Implementation Details

Multi-aspect question generation from LLM. We create
a total of 100 multi-aspect questions, and then tune and
select the number of multi-aspect questions based on the
dataset and neural network according to Section 3.1. We
use GPT-4o for the generation of multi-aspect questions.
Additionally, to check the quality and hallucination of the
multi-aspect questions, we manually reviewed them and
confirmed there was no hallucination.

Extract logits of answers from MLLM. According to Sec-
tion 3.1, we extract the probability values of the yes token
about multi-aspect from MLLM. We choose InternVL2-
8B [4] as our MLLM because InternVL2-8B can perform
inference on a single NVIDIA RTX 3090 and has strong
benchmark performance.

Fine-grained image classification. We use a total of six
datasets: StanfordCars [10], OxfordPets [22], DTD [5],
102Flowers [19], CUB200 [32], and FGVC-Aircraft [17].
For fine-grained image classification, we train all models for
240 epochs, with batch size 16. The initial learning rate is
0.01, divided by 10 at the 150th, 180th and 210th epoch. We
use SGD optimizer with the momentum of 0.9, and weight
decay is set to Se-4.

Coarse-grained image classification. We additionally
apply our method to the Caltechl01 [6] and Mini-
ImageNet [24] datasets for coarse-grained image classifi-
cation. For Caltech101 [6], we train all models for 240
epochs, with batch size 16. The initial learning rate is 0.01,
divided by 10 at the 150th, 180th, and 210th epoch. For
Mini-ImageNet [24], we use the same settings following
ImageNet setting of prior work [8, 43].

4.2. Experimental Results

Fine-grained image classification. We mainly focus on
fine-grained image classification task. Table 1 shows the
experimental results on fine-grained datasets [5, 10, 17, 19,
22, 32]. As shown in Table 1, our method demonstrates
significant performance improvements for all models on
all datasets compared with the model using cross-entropy
loss with class labels. For example, on the StanfordCars
dataset with ResNet18, our method shows a 5.85% higher
performance compared to the baseline. This indicates that
our model effectively transfers knowledge regarding aspects
and can help models become more effective when dealing
with datasets that have fine-grained features (such as subtle
differences in visual appearance and patterns).
Coarse-grained image classification. Additionally, we ex-
periment with our approach on coarse-grained datasets. Ta-
ble | shows the experimental results on Caltech101 [6] and
Mini-ImageNet [24]. According to Table 1, our model im-
proves the performance of all baselines. These results indi-
cate that our model is also effective in coarse-grained im-
age classification and demonstrate that transferring diverse
knowledge to the model can help improve performance in
image classification.

4.3. Ablation Studies

Effect of the loss function. In Table 2, we investigate the
effect of the loss function by applying KL-divergence loss
to the multi-aspect logit. The result shows that using binary-
cross entropy loss achieves better performance. We assume
that because the multi-aspect logits represent the probability
of the yes token extracted from the MLLM, using binary-
cross entropy loss would bring more improvement to the
classification model.
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Figure 2. Ablation study on the number of multi-aspect questions. The x-axis represents the number of aspects (0 represents the
baseline model), while the y-axis indicates the accuracy. We run each experiment three times and report the average results.

Res18 Res34 Mb-N1 EffiNet
KL 8252 82.63 84.94 87.27
Rand 79.36  81.04 83.39 86.65
Ours 83.38 84.33 85.43 88.07

Table 2. Ablation study on multi-aspect logits and loss func-
tion. We report the accuracy (%) on StanfordCars [10] dataset.
KL for our method with KL-Divergence loss on multi-aspect logit.
Rand for our method with random logits instead of multi-aspect
logits.

Res18 Res34 Mb-N1 EffiNet
Base 77.53 80.93 82.84 86.41
Ours(L: GPT-3.5) 82.46 83.65 85.25 87.38
Ours(M: LLaVA) 83.49 84.47 8524 87.49
Ours 83.38 84.33 85.43 88.07

Table 3. Ablation study on multi-aspect question generation
from LLM and logit extraction from MLLM. We report the
accuracy (%) on StanfordCars [10] dataset. L means that we
used GPT-3.5 as the LLM for generating multi-aspect questions,
while M indicates that we used LLaVA as the MLLM for extract-
ing multi-aspect logits.

Effect of the multi-aspect logits. In Table 2, we validate
the contribution of the multi-aspect logits to image classifi-
cation by comparing our method to the one that replaces the
logits with a random logit following a Gaussian distribution.
As shown in Table 2, our method with multi-aspect logits
outperforms the method with random logits. These results
demonstrate that the multi-aspect logits can enhance image
classification performance by representing knowledge from
various aspects for each class in the dataset.

Weight to the multi-aspect knowledge distillation loss.
Figure 3 presents the performance of our method with dif-
ferent weights to the multi-aspect logit loss on Stanford-
Cars and Caltech101. The x-axis represents the weights o
(0 means the baselines), while the y-axis indicates the accu-
racy. Our method, based on «, demonstrates improvements
in the performances of all baseline models. Additionally,
we empirically find that the performance decreases when «
value reaches 50.

Effect of LLM on multi-aspect question generation. To
assess the impact of different LLMs on multi-aspect ques-
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Figure 3. Ablation study on weight to the multi-aspect knowl-
edge distillation loss. « value is the weighting factor of multi-
aspect logit loss.

tion generation, we compare a model that generates multi-
aspect questions using GPT-3.5 with our model that gener-
ates multi-aspect questions using GPT-40. Both models uti-
lize InternVL2-8B as the MLLM for logit extraction, with
only the LLM for multi-aspect question generation being
different. In Table 3, Ours (L: GPT-3.5) using GPT-3.5
for generating multi-aspect questions outperforms the base-
lines and shows competitive results when compared to ours
(which uses GPT-40). These results demonstrate the robust-
ness of our method to the performance of LLMs.

Effect of MLLM on multi-aspect logit extraction. We
further investigate the impact of using different MLLMs on
our method by using LLaVA-NeXT-34B [13], which has
more parameters compared to InternVL2-8B [4]. As shown
in Table 3 with Ours (M: LLaVA), our method with LLaVA-
NeXT-34B outperforms the baselines and shows compet-
itive results when compared to InternVL2-8B. However,
InternVL2-8B is more parameter efficient.

Effect of the number of multi-aspect questions. To eval-
uate the impact of the number of multi-aspect questions, we
conduct experiments on different numbers of multi-aspect
questions. First, we input the multi-aspect questions into
the LLM, which ranks them based on the importance of
each aspect. We then conduct experiments using the top 10,
20, 30, and 50 ranked questions in order. As shown in Fig-
ure 2, our method outperforms all baselines on all datasets
and exhibit performance improvement based on the num-
ber of multi-aspect questions. This shows that multi-aspect
questions can contribute to improving the performance of



Teacher Res34(80.93) EffiNet(86.41)

Dataset Student Res18(77.53) Mb-N1(82.84)
StanfordCars KD 79.62 85.11
DKD 82.55 85.93
Ours + KD 83.44 86.34
Ours + DKD 83.23 86.43
Teacher Res34(75.36) EffiNet(80.05)
Dataset Student Res18(73.35) Mb-N1(76.64)
Caltech101 KD 74.53 78.71
DKD 76.37 79.95
Ours + KD 76.70 79.70
Ours + DKD 77.41 80.95

Table 4. Extension to traditional knowledge distillation on
StanfordCars and Caltech101. KD is traditional knowledge dis-
tillation and DKD is decoupled knowledge distillation [43] ap-
proach. We run each experiment three times and report the average
results.

OxfordPets Caltech101
Base Ours Gap Base Ours Gap
50.71 58.45 +7.74 57.74 61.30 +3.56
64.21 71.26 +7.05 64.70 67.77 +3.07
72.33 78.41 +6.08 68.84 72.35 +3.51
77.07 82.24 +5.17 73.35 75.77 +2.42

StanfordCars
Base Ours Gap
25.74 49.75 +24.01
54.78 69.49 +14.71
69.72 78.04 +8.32
77.53 83.38 +5.85

Data
40%
60%
80%
100%

Table 5. Extension to class logit distillation with MLLM on
Caltech101. Base is the baseline using cross-entropy loss with
class labels. We run each experiment three times and report the
average results.

image classification.

4.4. Extension of Our Model

To show the scalability of our approach, we first extend our
model using traditional logit distillation. Second, we eval-
uate our model’s performance when the dataset size is de-
creased. Finally, we apply our model to object detection.
Extension to traditional knowledge distillation. Since
our model does not have the teacher classification model
and the teacher model’s class logits, it is different from
traditional KD. However, since we distill the multi-aspect
knowledge to be learned into logits, it simply can be in-
tegrated with existing logit distillation methods. We com-
pare our method with KD and Decoupled Knowledge Dis-
tillation (DKD) [43] on the StanfordCars [10] and Cal-
tech101 [6]. According to Table 4, extending our approach
to traditional KD approaches outperforms traditional KD
approaches. These results demonstrate that our approach
can be effectively extended to both traditional KD and
DKD.

Extension to less training data. We evaluate the perfor-
mance of our model when trained with a reduced amount
of training data. As shown in Table 5, our multi-aspect
approach leads to greater performance improvement as the
dataset size decreases. For example, on the StanfordCars
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AP APso  APrs

MobileNet-V2  Base 29.42 49.07 30.72
Ours  29.65 49.49 31.02

ResNet18 Base 33.18 53.54 3531
Ours 33.58 54.09 35.97

ResNet50 Base 38.06 5895 41.22
Ours 38.27 5930 41.67

Table 6. Extension to object detection on MS-COCQO based on
Faster-RCNN [25]-FPN [12]. AP evaluated on val2017. We run
each experiment three times and report the average results.

dataset, ResNet18 shows a 24.01% performance improve-
ment over the baseline when only 40% of the training
dataset was used. It demonstrates the potential for broader
applicability in fine-grained tasks and real-world applica-
tions with limited training datasets.

Applying to object detection. We apply our method to ob-
ject detection with MS-COCO datasets. Following [43],
we add features to the backbone network of Faster R-
CNN [25]-FPN [12] and apply a multi-aspect logit loss with
the number of multi-aspect questions set to 50. As shown in
Table 6, our method demonstrates a trend of marginal im-
provement over the baselines. It shows potential for other
visual understanding tasks.

5. Analyses

5.1. Distillation with MLLM Zero-shot Classifica-
tion Logits

According to Table 1, the MLLM shows poor zero-shot
image classification performance on fine-grained datasets.
These results show that they may struggle with classify-
ing highly specific information, such as distinguishing be-
tween Yellow-headed Blackbird and Eastern Towhee in the
CUB200 [32] dataset. Therefore, we cannot directly dis-
till the class logits from MLLM. To leverage the features
of MLLM that can understand and infer abstract and com-
plex information, we distill knowledge through multi-aspect
questions based on diverse insights and understanding be-
yond class labels. This shows the potential of our approach
to be applied to other tasks, regardless of the performance
of MLLM in specific domains.

In coarse-grained image datasets, we find that MLLM
performs better than on fine-grained datasets. We assume
that this is because MLLM was trained on a very large
dataset, enabling it to perform general classification tasks.
Since the zero-shot classification performance of MLLM on
Caltech101 is better than the baseline, we may apply tradi-
tional KD using MLLM’s class logits as the teacher log-
its on Caltech101. According to Table 7, using MLLM’s
logits as a teacher result in a slight performance improve-
ment over the baseline, but it underperforms compared to
our method. Additionally, when applying our approach
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Figure 4. Visualization of the average logit distribution for classes related to aspects. The x-axis represents the classes, and the y-axis
represents the mean of the aspect probability distribution from MLLM in the dataset.
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Figure 5. Visualization of t-SNE embeddings for the datasets by aspects. Ours is t-SNE visualizations of the aspect logits from our
model (ResNet18), while MLLM is t-SNE visualizations of the aspect logits from the MLLM (InternVL2-8B). The yellow points indicate
that the probability of “yes” is close to 1, and the purple points indicate that the probability of “yes” is close to 0. Our model exhibit a
similar trend to the aspect logits of the MLLM in fine-grained datasets [19, 22].

Teacher MLLM (85.52)
Student ResNetl8 ResNet34
Base 73.35 75.36
KD 73.86 75.86
Ours 75.76 77.56

Table 7. Extension to class logit distillation with MLLM on
Caltech101. We run each experiment three times and report the
average results.

to coarse-grained image datasets, it improves the perfor-
mance of all models over the baselines, as shown in Ta-
ble 1. This shows that not only for fine-grained but also
for coarse-grained tasks, it is important to consider multi-
aspects rather than directly distilling the logits of MLLM,
demonstrating that our approach is more effective.

5.2. Multi-aspect Questions Generated by LLM

To analyze the effectiveness of the multi-aspect questions
generated by the LLM in image classification, we present a
histogram of the average MLLM probability values of as-
pects for each class, as shown in Figure 4. For example,
as shown in Figure 4 (a)-1, the class “BMW M6 Convert-
ible 2010” on StanfordCars [10] has a high probability value
for the aspect “Does the car have a convertible roof?”’. We
observe that classes possessing the features of the aspect
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exhibit high probabilities, while those lacking the features
show low probabilities.

Furthermore, the aspects of the StanfordCars, which
have fine-grained features as shown in Figure 4 (a)-2, in-
clude specific questions about car features such as “Is the
car a roadster model?”. These results demonstrate that our
multi-aspect questions effectively represent the various fea-
tures of the dataset, including visual specifics and under-
standing, and can help classify images.

5.3. Discriminability using Multi-aspect Logits

To analyze the knowledge transfer across various aspects
from the MLLM to the image classification model, we use
t-SNE visualizations of the logits from both our model and
the MLLM on these aspects, as illustrated in Figure 5. The
yellow points indicate that the probability of “yes” is close
to 1, and the purple points indicate that the probability of
“yes” is close to 0. As shown in Figure 5, our model demon-
strates that the aspect logits of our model exhibit a similar
trend to the aspect logits of the MLLM in both fine-grained
datasets and coarse-grained datasets. These results indi-
cate that our method can effectively distill various knowl-
edge about the dataset by utilizing the multi-aspect logits
extracted from the MLLM.



MLLM (InternVL2-8B)

[ Ours (Res18)
" 99.05/ |5 the car model a SUV?
© 91149 s the car part of the
8 Ford family?
5
s E 2048 Does the car have a noticeable
n - I 18.40 rear spoiler?
= 10.67  Was the car model made in the
o 1356 y12 engine series?
Input image
(Ford Expedition
EL SUV 2009)
g7:700 Does the animal have
» mse7  striking blue eyes?
° 14.80 |s the breed's coat
% I 15.06 spotted or dappled?
O .
5 :
g 88108 Is the animal's coat thick
— [e0s4 and woolly?
< 14.80 . f 5
{ i I 11.74 Does the animal have floppy ears?
Input image
(Birman)

(b) StanfordCars

(d) Caltech101

0.0003  |g the car model a SUV?
| J0.0017

0.0017 Is the car part of the
[Ho.0185 Ford family?

Does the car belong to the
85.200 high-end luxury category
(like Bugatti, Bentley, etc.)?
Does the car have a
noticeable rear spoiler?

43.78

Input image
(Ferrari 458 Italia

Coupe 2012) Is the object known for

its speed or ability to
move quickly?

Is the object typically
found outdoors in a
natural environment?

0.02 |s the object a type of instrument

'g'?,ﬂl used to produce sound?
4 |0:002 Does the object have wheels and an

enclosed space for passengers?

94.66

97.07

Input image
(Leopards)

Figure 6. Comparison of probability values for multi-aspect questions. We compare the probability values of our model with those of
the MLLM for multi-aspect questions. Our model shows similar probability values to MLLM across various multi-aspect questions on test

datasets.

5.4. Multi-aspect Probability Values of Our Model

To analyze the classification performance of our model for
multi-aspect questions, we compare the probability values
of our model with those of the MLLM for multi-aspect
questions. As shown in Figure 6 (c), when an image of a
“Birman” is given as input, our model outputs a probabil-
ity value of 86.97 for the visual aspect “Does the animal
have striking blue eyes?” and a value of 11.74 for the aspect
“Does the animal have floppy ears?”, similar to the MLLM.
These results indicate that our model effectively distill vi-
sual aspects and understands visual aspects.

Furthermore, as shown in Figure 6 (d), when an image of
a “Leopards” is given as input, our model outputs a proba-
bility value of 96.23 for the aspect “Is the object known for
its speed or ability to move quickly?” and a value of 98.46
for the aspect “Is the object typically found outdoors in a
natural environment?” which are not visual aspects but ab-
stract or require a deeper understanding of the image, simi-
lar to the MLLM. These results suggest that the model can
distill not only visual knowledge but also abstract and com-
plex knowledge about multi-aspect knowledge.

5.5. Training Time and Computational Cost

As we extract logits from MLLMs, this can require more
computational resources compared to training only image
classification models. However, since we query the MLLM
about aspects in a zero-shot manner, there is no need to
train the MLLM. Moreover, we utilize InternVL2-8B [4]
for logit extraction, which allows aspect extraction using a
single NVIDIA RTX 3090. The number of parameters in
our model is approximately 11.25M when using ResNet18
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with 50 aspects, with the baseline also having 11.23M pa-
rameters. For StanfordCars, the training time for the base-
line model is 25.42 seconds per epoch, while our model
takes 27.90 seconds per epoch. Also, we provide the time
required for MLLMs to extract aspect responses from the
training dataset. For the StanfordCars dataset, it takes ap-
proximately 0.83 seconds per image for a single aspect,
while for Mini-ImageNet, it takes about 0.942 seconds. The
annotation time varies depending on the number of aspects
and the size of the dataset.

6. Conclusion and Limitation

In this paper, we propose a novel multi-aspect knowledge
distillation method leveraging MLLM along with analy-
ses. Unlike previous image classification methods, our
method leverages MLLM to distill multi-aspect knowledge
that requires complex and deeper understanding beyond
the class labels. Our experimental results demonstrate that
the proposed method outperforms baseline models in both
fine-grained and coarse-grained image classification tasks.
Our findings offer a novel perspective by simply distilling
multi-aspect knowledge and demonstrate the potential of
our method to be applied to a variety of tasks.

Limitation and future work. Our approach is constrained
by the necessity of pre-trained LLMs and MLLMs to gen-
erate aspects and logits used for model training. Further-
more, the performance may be affected by the multi-aspect
questions in MLLMs, making generalization across datasets
challenging. In future work, we plan to explore optimiza-
tion strategies that facilitate better generalization of our
method, and apply it to other domains such as image cap-
tioning and image generation.
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