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Abstract

Recent advances in deep learning have led to increasingly
complex models with deeper layers and more parameters,
reducing interpretability and making their decisions harder
to understand. While many methods explain black-box rea-
soning, most lack effective interventions or only operate at
sample-level without modifying the model itself. To ad-
dress this, we propose the Concept Bottleneck Model for
Enhancing Human-Neural Network Mutual Understanding
(CBM-HNMU). CBM-HNMU leverages the Concept Bot-
tleneck Model (CBM) as an interpretable framework to ap-
proximate black-box reasoning and communicate concep-
tual understanding. Detrimental concepts are automati-
cally identified and refined (removed/replaced) based on
global gradient contributions. The modified CBM then dis-
tills corrected knowledge back into the black-box model,
enhancing both interpretability and accuracy. We evalu-
ate CBM-HNMU on various CNN and transformer-based
models across Flower-102, CIFAR-10, CIFAR-100, FGVC-
Aircraft, and CUB-200, achieving a maximum accuracy
improvement of 2.64% and a maximum increase in aver-
age accuracy across 1.03%. Source code is available at:
https://github.com/XiGuaBo/CBM-HNMU.

1. Introduction

Interpretable machine learning has become a crucial re-
search direction, particularly in image classification, where
understanding model decisions is essential for trust and re-

*Co-first contributing author.
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liability. Neural networks for image classification can be
broadly categorized into three types by their interpretabil-
ity: (i) Black-box models, where decision-making is opaque
and difficult to trace; (ii) Gray-box models, which offer par-
tial transparency, allowing some explanation of decisions;
and (iii) White-box models, which are fully transparent
with completely traceable decision processes [ 1, 14]. While
black-box models often achieve superior performance, their
lack of interpretability poses significant challenges.

Many studies aim to achieve white-box-like inter-
pretability while maintaining black-box models’ perfor-
mance. Methods such as Grad-CAM [31], Saliency Maps
[33], and Feature Attack [8] use feature attribution, helping
to explain its focus and reasoning in making predictions.
Alternatively, methods include ACE [12], MOCE [19], IBD
[46], and CRAFT [10] focus on visual concept explana-
tions, linking model decisions to human-understandable
patterns or attributes in data. These approaches provide
more structured interpretation by associating model reason-
ing with recognizable concepts instead of abstract features.
However, most existing methods focus on passive expla-
nations rather than allowing active intervention to modify
black-box behavior. This limitation weakens their ability to
systematically refine model decision-making.

The Concept Bottleneck Model (CBM) [20] introduced
an intervenable framework for concept-based reasoning, ex-
panding the scope of interpretability methods. However, its
reliance on concept bottleneck representations often leads to
lower classification accuracy, compared to black-box mod-
els with the same backbone. Post-hoc CBM [45] was later
introduced to mitigate this limitation by integrating black-
box residual connections. Yet, this modification weakens
overall interpretability and, even with interventions, Post-



hoc CBM still falls short of achieving the classification ac-
curacy of original black-box model. More critically, its
intervention mechanism is in the same vein as CBM and
is constrained to adjusting the concept weight matrix, that
heavily dependent on human priors. As a result, biases in-
herent in the backbone [47] cannot be effectively corrected.

Beyond CBM-based approaches, numerous studies
employ interpretable surrogate structures and human-
understandable concept space to explain black-box behavior
without compromising performance [11, 27]. While these
methods enable transparent reasoning, answering questions
like “Why is it/is it not”, they focus on explanation rather
than intervention. Beyond CBM [24] addresses this limita-
tion by using probe functions to map intermediate black-
box representations to a human-understandable concept
space. This approach identifies biases and aligns reasoning
pathways by modifying the concept distribution based on
prior knowledge. However, its interventions are restricted
to the sample level, without directly modifying black-box
parameters, and requires additional data to train the probe
function for concept space projection.

Despite advances in interpretability of black-box mod-

els, existing methods primarily diagnose errors but offer
limited mechanisms for correction. To address this gap,
we propose the Concept Bottleneck Model for Enhanc-
ing Human Neural Network Mutual Understanding (CBM-
HNMU). The contributions can be summarized as
1. Integrated Explanation Framework: CBM-HNMU
integrates feature attribution and multimodal concept-
based explanations to enhance interpretability in black-
box inference. It aligns CBM with black-box hidden
layer concepts and class predictions for more transpar-
ent reasoning and less approximation bias.
Beyond Sample-Level Automatic Intervention:
CBM-HNMU introduces black-box model modification
and error correction beyond individual samples. By
computing global concept contributions based on class-
level gradient, it autonomously identifies detrimental
concepts for CBM intervention. Knowledge in inter-
vention refines black-box model’s parameters through
knowledge distillation, correcting classification errors.

. Label-free Human-AI Mutual Understanding: CBM-
HNMU utilizes natural language concept bottlenecks
generated by ChatGPT-3.5-Turbo [3] and cross-modal
probe based on OpenAI-CLIP [29] to enhance inter-
pretability and performance without requiring additional
human annotations.

2.
2.1. Model Approximation

Related Works

Model approximation employs external interpretable mod-
els to replicate and explain black-box decision-making, of-
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fering insights without directly modifying original model.
For example, Ge et al. [11] utilized graph neural networks
and visual concepts from ACE to develop the Visual Rea-
soning Explanation Framework (VRX). This framework fa-
cilitates human-to-network interaction through Knowledge
Distillation (KD) [18], addressing the question, “Why is it?”
in model decisions. Similarly, DiConStruct [27] employs a
distillation-based framework that integrates an approximate
black-box graph reasoning network as a surrogate model.
This approach efficiently approximates black-box predic-
tions while providing causal explanations [2, 41].

2.2. Model Intervention

Model intervention encompasses techniques that go beyond
identifying biases or errors in black-box models, allowing
for direct adjustments that improve both accuracy and inter-
pretability. For example, Moayeri et al. [26] used attribution
methods to identify spurious correlations in models trained
on Hard-ImageNet and applied foreground constraints to re-
fine model attention. Yet, attribution methods typically in-
dicate only “where” the model focuses, without explaining
“what” specific features are influential. As a result, expla-
nations are often limited to the foreground of the object,
preventing fine-grained attribution to critical features.

In some cases, biases stem from inherent object charac-
teristics [36, 37]. For instance, models may confuse “horse”
and “zebra” due to shape similarity, but emphasizing tex-
ture and color, like “black and white stripes”, improves
classification. Identifying biases, whether in foreground or
background features, is crucial for implementing human-
understandable interventions that refine model behavior.

Post-hoc methods allow limited intervention, while
CBM-based approaches can be refined to the point of con-
cept. CB2M [35] employs a memory buffer mechanism to
automate and generalize CBM interventions, requiring user
input on only a small number of samples. However, its
intervention remains sample-level and still relies on prior
user intervention. CCGM [6] structures the concept bot-
tleneck using a causal concept graph, modeling causal re-
lationships in concept-based reasoning. While it provides
intervention methods to explain the model’s causal reason-
ing, it is limited to single-modal natural language concepts.
Marcinkevics et al. [24] used probe functions to map black-
box hidden-layer features into a concept bottleneck, en-
abling interpretation through language-based concepts and
associated scores. This approach combines concept editing
with human prior knowledge to address spurious correla-
tions, and thus correct black-box errors.

3. Methodology

The feature attribution or concept explanation provided by
existing post-hoc methods is actually intended to allow peo-
ple to understand how neural networks work. At the same
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Figure 1. The Intervention Process. (a) Local approximation: The CBM inference structure first distills an interpretable basis, that
approximates the original black-box model’s class predictions on confused classes (I'); (b) Concept intervention: Next, the classification
bias is corrected by intervening with concepts that are detrimental to the decision-making and selected based on the concept score of Syt
and Spr in the CBM obtained from Step (a); (c) Knowledge transfer: Finally, the corrective adjustments made to the CBM in Step (b)
are transferred back to the black-box model to improve reasoning and reduce biases. We refer to Figure 2 as an illustrative example to
demonstrate intervention interpretation and predicted corrective effects.

time, making the neural network understand human knowl-
edge and correct its errors is the intention of the human neu-
ral network mutual understanding framework.

In this section, we formally define CBM-HNMU frame-
work, illustrated in Figure 1. We further explain how this
framework facilitates mutual understanding between hu-
mans and neural networks, as well as how it enables the
correction of erroneous predictions in black-box models.

3.1. Problem Setup

We first introduce the black-box classifier, denoted by the
functional f(x) = h(g(z)). Here, the feature activation
map is denoted by g(z) : R™*™*3 s RP, where p is
the dimensionality of the feature representation and m is
the standard size (number of pixels) of input image z. The
function g(x) characterizes the feature extraction process in
a hidden layer of the black-box classifier, while h(-) serves
as the classification head, mapping the extracted feature rep-
resentation g() to the final logits.

Additionally, we define the dataset used for training,
validation, and inference as the set of doublet of ev-
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ery irna%[e and its corresponding class, i.e.,
{(mv y)} " Dya = {(x, y)}Nval s Dt 1= {(xa y)}Nm‘
where Niain, Nval, and Niege denote the number of sample
images in the training, validation, and test sets, respectively.
Each sample consists of an image x and its corresponding
class label y;, V¢ = 1,2,..., N, and N s represents
the total number of classes.

3.2. Confused Classes Selection

We are now ready to investigate whether interpretable struc-
tures can approximate the reasoning processes of black-box
models using a constrained set of concepts. However, con-
structing an inference model with a fixed, limited concept
bottleneck that accurately captures the black-box model’s
reasoning across all classes in a dataset remains a signifi-
cant challenge. To this end, we begin by identifying specific
classes within each dataset and model that are frequently
misclassified as one another. We define confused samples
as instances where the model erroneously predicts one sim-
ilar class as another. Using the black-box classifier trained
on Dy.,in, we evaluate its performance on D,, and record



the number of misclassified samples for each class pair.
Next, we rank these class pairs based on the frequency of
misclassification and extract the pairs exhibiting the highest
confusion. Finally, we identify the set of confused classes,
denoted as I' C {1,2,..., Ngass}» Whose corresponding
cardinality is known as the number of confused classes,
IT'|= Nr > 2." These classes are considered for interven-
tion and corrective adjustments in the black-box model.

3.3. Concepts Communication

Once we identify the classes requiring intervention, we can
begin constructing a human-neural network mutual under-
standing framework for the confused classes, I'. It is essen-
tial to align their understanding to establish a communica-
tion bridge between humans and neural networks. Methods
such as ACE, IBD, MOCE, and CRAFT, among others, pro-
vide extraction techniques that help us gain insights into the
black-box model. Among them, CRAFT performs efficient
unsupervised concept extraction based on non-negative ma-
trix factorization (NMF) [13] and provides feature attribu-
tion while avoiding additional annotations. Thus, in our
subsequent experiments, we adopt CRAFT as a black-box-
driven visual concept extraction method, where each con-
cept is represented as Cy € R™*™*3 for k= 1,2,...,n.
Given an input image z; from the training/testing/validation
set, the corresponding visual concepts are extracted using
CRAFT, resulting in

C" (i) = CRAFT (g(,) ). )
so that CV : {CY,CY, ..., CY}, with n denotes the number
of visual concepts used for mapping concept bottleneck.

The most intuitive and easily interpretable concepts for
humans are expressed through natural language. By lever-
aging a concept bottleneck generated using ChatGPT-3.5-
Turbo, we can efficiently construct a transparent reason-
ing framework. To design prompt templates for gener-
ating concept bottlenecks across all datasets in our ex-
periments, we directly adopt the methodology introduced
in LaBo [43]. Consequently, we obtain a concept bot-
tleneck C* € C for each dataset. For example, in the
Flower-102 dataset, the bottleneck is represented as C? =
{shade of purple, ovalpetals, . .. }, with |C*|= N, the total
number of natural language concepts.

To efficiently establish connection between C? and C?,
CBM-HNMU utilizes CLIP as an intermediary. The visual
concepts extracted from the black-box model’s intermediate
layer and the natural language concepts in the concept bot-
tleneck are mapped into a shared representation space R *?
(d = 512). This transformation is performed using CLIP’s
image encoder Eipe(CP) @ R™*mX3 s RIXd for | =
1,2,...,n, and its text encoder Eiex (C?) : C s RNeXd,

*Confused set must contain at least two elements for confusion to occur.
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Subsequently, concept score S; € R**Ne is computed
for each input image ©; € Dirain,val,est DY

1 n )
Si = CS(g(w0), 0*) = 03 Bung(CR(0)) x Eu(C')"
k=1

n

1
- > Eimg(CRAFT(g(2:))i) X Eex(C")T,
k=1

2

where x denotes the matrix multiplication and CS(-) the
function representing the acquisition process of the con-
cept score S;. The number of visual concepts used to
map the concept bottleneck is specified by n. The notation
CRAFT(g(x;))r = C} (i) refers to the k-th visual concept
extracted from the hidden layer of the black-box model. The
computed concept score S; provides a unified representa-
tion of the model’s interpretation of an input image x; in
terms of human-understandable concepts. From the score
distribution across natural language concepts, humans can
gain insight into how the black-box model internally pro-
cesses and understands different aspects of the image.

3.4. Local Approximation

As illustrated in Figure 1.(a), we first obtain the concept
score vector S;, which is interpretable for both humans and
black-box models. To construct the inference component of
CBM, we use a concept weight matrix W € RNt XNe This
matrix is used to build a classification header similar to that
of the original model.

For each input image z;, the corresponding concept
score vector S; is passed through CBM, producing the clas-
sification output Py, : R™* X3 s RIXAT 59

Pam(z;) = S; x WT = CS(g(x;),CH) x WT.  (3)

Simultaneously, the original black-box model generates its
own predictions Py : R™X™*3 1y RIXNaws that reads
“)

Porg($i> - f(.f[,'l> = h(.g(xz))
PL, €

Next, we extract the original black-box predictions Py,
RY*Nr from confused classes T', and align them with
CBM’s output using the ¢2-norm. The local approximation
loss function is then defined as

_pr

org

Ny (| Pebm ()

(i) l2, 5)

Lossy, =
where POFrg represents the subset of the black-box predic-
tions corresponding to the confused classes.

Our goal is to reduce the bias and complexity of model
approximation by utilizing similar concept expressions and
structures. This allows the CBM to take input aligned with
the visual concepts extracted from the black-box’s hidden
layer, and make predictions through a simple linear layer
that mimics the black-box behavior.



Lewis and Catlett [22], Esteva et al. [9], Yuan et al. [44],
Guo and Greiner [15], among others, have provided valu-
able insights into misleading concept selection and modifi-
cation. As shown in Figure 1.(b), our intervention method
is based on gradient contribution. The potential concept er-
rors within locally confused classifications may fall into the
following two categories
i) Concept C; with negative impact on the correct (True)

class predicted by CBM, that quantified by Syr.

ii) Concept C; with pesitive influence on CBM’s incorrect
(False) prediction of other classes, quantified by Spg.
These two errors are represented by concept scores and
quantified using contribution matrices Syr, Spr € RN xNe,
which capture the statistical impact of each concept on

global model behavior for each confusion class.

To construct the concept contribution matrices S, and
SpE, consider a sample x; € D with ground-truth label y;.
Let y; := max[Pepm(zi)]1,; denotes predicted class under

J

the concept bottleneck model and W € RNt *Ne the con-
cept weight matrix, where each row vector w;, € R!*Ne
corresponds to confusion class k.

To assess the influence of concepts on model behavior,
we define a gradient-based attribution function
OPy(z;)

G(wg, Px(x;)) : Dur

(6)

O wg,

where © denotes element-wise multiplication and Py ;)
[Pebm (2i)]1,5 1s the predicted probability for class k.

Based on S; € R™™Ne obtained from Eq. (2), the per-
sample contribution scores are defined as follows:

Sy, = {—Si © G(wy,, Py, (2)), ify; €T
‘ 0, otherwise
(7a)
Spr(i)y; = { o @G, Bl T 78
: 0, otherwise
(7b)

Here, S, captures how the activated concepts suppress the
true class, while Syr measures how they reinforce the incor-
rect predicted class. To mitigate the impact of unfavorable
concepts, we accumulate the sample-wise scores over the
validation set to form global contribution matrices. Con-
cepts in each confused class are ranked by their total influ-
ence in Syt and Sy, and the top g most detrimental concepts
are selected for removal during intervention.

We summarize the concept intervention procedure in Al-
gorithm 1, which identifies and prunes detrimental concepts
based on their contribution to prediction errors.

After identifying the intervention index set I,. from Dy,
we update the concept weight matrix W € RNt *Ne by ze-
roing out the selected concept weights for each confused
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Algorithm 1 Gradient-Based Concept Intervention

Input: Validation set Dy, concept weight matrix W, en-
coders Eimg, Fiext
: Initialize contribution matrices Syt <— 0, Spr < 0
: for i = 1 to Ny, do
Compute S;, Pepm (), and predicted class y;
Update Syr(i)y, and Spr(i),s using Egs. (7a) and
(7b), then accumulate Syt and Spr
end for
for each confused class k € T" do
Select top g/2 concepts I} > 0 from Sk.
Select top ¢/2 concepts I} > 0 from Sp.
Merge selected concepts as I¥ = {Ik.} U{I]fF}.
end for
. return Intervention indices I, € RNt X7 with g < ¢

class. Specifically, for each k& € I" and each concept j € I, k
we set W[k, j] = 0. The resulting W defines the intervened
concept weight matrix of the CBM.

3.5. Knowledge Transfer

After the intervened CBM (W) is updated, the next step is to
transfer the refined knowledge back into the original black-
box model. As illustrated in Figure 1.(c), since CBM pro-
vides a localized approximation of the black-box model, we
retain the learned knowledge for all classes except those in-
volved in confusion. To achieve this, we construct a teacher
P, € RVNews by combining two sources of predictions

i) Frozen copy of the original black-box predictions for the

c
unaffected classes denoted as P(};g S RMNFG, where

IC = {1,..., Naass} \ ' and Np¢ = Nejass — Nr.
i) Post-intervention CBM predictions Py € RNt that
refine model’s reasoning for the confused classes.
The combined output P, serves as a supervisory signal for
reverse distillation, guiding the original black-box model
P, € R*Nas (o integrate the improvements introduced
by CBM while preserving its original predictions for non-
confused classes. Given the distillation temperature 7} of

P3 .. the teacher’s prediction reads

= pr - softmax (P}, /T1) ® softmaux(Porg)Fc7

pre

_ : *
Py = combine( Py, P

C
(®)
H .

where softmax(Py)"" and P} represents the predicted
probability of the confusion classes by the original black-
box model with frozen parameters, and the logits output of
the post-intervention CBM, receptively. The operator & de-
notes the concatenation of output elements.

To ensure that the model’s predictions for non-
intervention classes remain unchanged, we introduce the



Models Flower-102 CIFAR-10 CIFAR-100 CUB-200 FGVC-Aircraft AVG IMP
w/o INT w/ INT w/o INT w/ INT w/o INT w/ INT w/o INT w/ INT w/o INT w/ INT
NFResNet50 94.28 95.36 +0.019 80.92 83.56 +0.005 73.58 73.92 +0.037 62.41 62.67 +0.057 64.63 64.94 +0.028 10.93
Vit_Small 97.24 98.20 +0.019 91.51 92.84 +0.154 81.26 82.43 +0.031 74.75 75.39 +£0.029 69.88 70.94 +0.251 1 1.03

GCVit 93.58 95.20 +0.050 80.20 80.97 +0.054 72.38 72.55 +£0.034 76.99 77.64 £0.070 69.81 71.41 £0.171 10.96

Table 1. Comparison of global classification accuracy without (w/0) or with (w/) intervention (INT). All experimental models using CBM-
HNMU for black-box intervention have objective generalization performance improvements on the Dy compared with the baseline.
Results are presented as average & standard deviation (AVG £ STD) over three random tests. The average improvement (AVG IMP)

represents the mean accuracy increase for each row.

probability residual coefficient pr, defined as
pr =1 — [softmax(Pyg) " |1, )

whereby the residual probabilities of the intervention
classes from the original black-box model onto the post-
intervention CBM are redistributed.

The student’s prediction P; is given by

P, = softmax(ﬁorg /Ts), (10)

where Porg represents the black-box predictions for the sub-
set of parameters requiring intervention, and 75 is the dis-
tillation temperature for the original black-box model.

Finally, we perform black-box intervention by minimiz-
ing the cross-entropy loss between P, and P, i.e.,

Nelass

Lossiu = » _ Pf -log(PF), (11)
k=1

over the validation dataset D,,. This ensures that refined
knowledge from CBM is effectively transferred back to the
black-box model.

4. Experiments

4.1. Experiments Setups

Dataset. CBM-HNMU is evaluated on Flower-102 [28],
CIFAR-10, CIFAR-100 [21], FGVC-Aircraft [23], and
CUB-200 [40]. CIFAR-10 and CIFAR-100 represent object
datasets of varying scales with high discriminative power,
while Flower-102, CUB-200, and FGVC-Aircraft contain
objects with fewer distinguishing features, necessitating
more fine-grained classification.

Baselines. We evaluate CBM-HNMU across classic and
commonly used CNN and Transformer architectures, in-
cluding NFResNet50 [25], ResNeXt26 [42], BotNet26 [34],
RexNet100 [16], ViT-Small [7], GCVit [17], CaiT-Small

[39], ConVit-Base [5], and DeiT-Base [38].

Evaluation Protocol. All baselines are initialized with
ImageNet-1K [30] pre-trained weights and trained for 50
epochs on different Dy,;,. Confusion class selection, lo-
cal approximation, concept intervention, and intervention
knowledge transfer are performed on validation set Dy,
while evaluations before and after black-box intervention
are conducted on testing set Dy.s. The local approximation
step is with learning rate of 1e~* and runs for 200 epochs,
and intervention knowledge transfer is trained with a learn-
ing rate of 3e 7 for 10 epochs.

4.2. Experiments Results

We evaluate the improvements in both global accuracy
and fine-grained class prediction, resulting from the CBM-
HNMU intervention across multiple datasets. In addition,
we examine how the visual concepts captured by black-box
model evolve before and after the intervention, using visu-
alization techniques and natural language concepts to inter-
pret the process. An ablation study further illustrates how
the quality of black-box approximation and the overall in-
tervention effect vary with the number of intervention con-
cepts. Furthermore, we examine the impact of CBM-based
classification methods (CBM and Post-hoc CBM) and the
influence of the number of confused classes (Nt) on inter-
vention effectiveness. Finally, we conducted a user study to
confirm that the chosen intervention concepts (i) align with
human visual perception and (ii) help correct classification
errors.

Performance Improvements. As shown in Table 1, the
three architectures in our experiments achieved global ac-
curacy improvements across five datasets after interven-
tion with CBM-HNMU. To further verify the effect of
CBM-HNMU, we conduct the identical comparative test
using another three architectures on Flower-102, FGVC-
Aircraft, and CUB-200. The results are presented in Table
2. As a result, CBM-HNMU achieved the highest accuracy

Models Flower-102

CUB-200

FGVC-Aircraft AVG IMP

w/o INT w/ INT

w/o INT w/ INT

w/o INT w/ INT

ResNeXt26 88.47 90.85 +0.363 59.32
BotNet26 89.20 91.30 +0.050 56.89
RexNet100 90.26 90.77 +0.082 55.40

59.60 +0.113 64.27
57.09 +0.066 53.70
57.39 +0.024 52.60

64.72 £0.212 1 1.04
54.51 +£0.079 11.04
52.98 +£0.079 10.96

Table 2. Global classification accuracy with (w/) and without (w/0) intervention (INT) of another three architectures. Results are reported
as the average & standard deviation (AVG £ STD) over three random tests, and AVG IMP as the average improvement for each row.
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Figure 2. Comparative visualization of intervention concepts and black-box attributions before and after intervention. It shows the
visual results of NFResNet50 on Flower-102. Through concept intervention, CBM-HNMU identify and remove g harmful concept (I..)
from confusing class (‘“sword lily’") based on Syt and Spr. After intervention knowledge is transferred back through CBM, the black-box
model corrects the misclassified ‘bougainvillea”. Analyzing the visual concept changes in the black-box model’s middle layer before and
after intervention, we observe a decrease in the “total Sobol indices” of the Related Visual Concept, which is corresponding to “prominent
spadix in the center of the flower”. Compared with the bougainvillea sample marked by green border, we find that the flower center
features of both classes are similar, which likely contributed to the misclassification. The intervention reduces the model’s reliance on such
subtle distinctions, leading to more accurate predictions. For additional visual explanations, see Appendix. H.

improvement with NFResNet50 on CIFAR-10, increasing
from 80.92% to 83.56%, a gain of 2.64%. Additionally,
Vit_Small achieved the highest average improvement (AVG
IMP) across the five datasets, with an increase of 1.03%.

Table 3 shows the number of corrected samples and the
coverage of confusion classes in different intervention mod-
els on Dy of Flower-102. The notation “—n’ indicates that
n samples originally misclassified into a confusion class are
corrected after intervention. Conversely, “+n” denotes n
samples initially misclassified into any class that are reas-
signed to the confusion class after intervention. Most cor-
rected samples in D\ are related to the intervened classes,
either because they were previously predicted as one of the
confusion classes or because their true labels belong to the
confusion set.

Models Flower-102 (Deg)

Confusion Class (I')

bougainvillea (—6,4-0),

camellia (—1,+2), mallow (-),

gaura (—0,+2), cyclamen (-),

sweet pea (—9,+0), sword lily (—0,+5)
bougainvillea (—0,+3),

camellia (—22,+-0), hibiscus (—12,4-0),
mallow (—0,+1), petunia (—0,41)
petunia (—18,4-0),

camellia (—6,4-0), mallow (-),

hibiscus (—4,4-0), morning glory (-)

Corrected  Coverage

NFResNet50 34 25

BotNet26 59 39

GCVit 51 28

Table 3. Statistics of fine-grained class interventions in Flower-
102. “Corrected” refers to the total number of error samples cor-
rected by each model on D, and “Coverage” represents the num-
ber of corrected samples associated with the confused classes.

Intervention Visualization. Herein, We analyze how the
intervened black box’s performance improvement relates
to changes in natural language and visual-related concepts.

2842

Figure 2 presents comparative results illustrating the inter-
vention process on Flower-102 dataset, highlighting visual
concept explanations before and after intervention. Sam-
ples are randomly selected from a subset, where the black-
box model’s original classification errors on the test set are
corrected following intervention. Each corrected sample in-
cludes at least one pre- or post-correction class related to
the confused classes, ensuring a clear visual link to the in-
tervention concept (refer to “Coverage” in Table 3).

We observe that intervened natural language concepts

often shift black-box visual concept explanations. In the
visualization, the black-box model misclassifies sword lily
as bougainvillea, relying on feature “prominent spadix in
the center of the flower,” that shared by both classes. The
corresponding concept score drops from 0.11 to 0.05 af-
ter intervention, indicating reduced reliance on this feature.
CBM-HNMU refocuses the model from the spadix to petal-
related features, demonstrating that it does not merely trans-
fer knowledge, but actively corrects black-box errors by
aligning human and neural network reasoning.
Ablation Study. In Figure 3, after ablating the number of
confused classes across the three datasets, when the propor-
tion of intervention classes is less than 25%, local approxi-
mation bias and the intervention improvement are relatively
stable. When all classes are intervened, approximation bias
and intervention improvement deteriorate significantly.

To further validate the effectiveness of our intervention
concept selection method, we conducted a random concept
intervention for reverse knowledge transfer, applying CBM-
HNMU on Flower-102, CUB-200, and FGVC-Aircraft us-
ing NFResNet50 and ViT. The results in Table 4, show that
randomized intervention (often used as a baseline for CBM



Models Flower-102 CUB-200 FGVC-Aircraft
w/ OURS w/ RAND w/ OURS w/ RAND w/ OURS w/ RAND
NFResNet50 95.36 94.72 (J 0.64) 62.67 62.51 (4 0.16) 64.94 64.75 (4 0.19)
Vit_Small 98.20 97.81 (4 0.39) 75.39 75.23 (4 0.16) 70.94 69.97 (4 0.97)

Table 4. Comparison of global classification accuracy using CBM-HNMU with intervention method (w/OURs) and randomized concept
intervention (w/RAND). Black-box model optimized by CBM-HNMU outperforms random intervention under the same parameter settings.

0.4
--e--Flower-Bias (LP)

§
—e—Flower-Imp (KT)
Aircraft-Bias (LP)
Aircraft-lmp (KT)

= -CUB-Bias (LP)

#-CUB-Imp (KT)

200

20

x-axis : log (N)

Figure 3. The dotted line represents the normalized category pre-
diction bias of the local approximate (LP) CBM and the original
NFResNet-50 model across three datasets (D) under different
numbers of intervention classes. The solid line shows the normal-
ized accuracy improvement (Imp) after intervention knowledge
transfer (KT) back to the original model.

intervention methods) performs poorly. Our findings align
with this expectation, showing that CBM-HNMU achieves
an average accuracy improvement of 0.42 over random in-
tervention, with the highest improvement of 0.97.
Performance Comparison with CBM-Related Methods.
We evaluate the performance of the black-box model after
CBM-HNMU intervention using NFResNet-50 and com-
pare it with CBM (same backbone and concept bottleneck)
and Post-hoc CBM across three datasets. As shown in
Table 5, CBM-HNMU achieves best classification perfor-
mance. Additionally, we observe that Post-hoc CBM im-
proves performance over CBM by incorporating the back-
bone’s residual expression. However, it still incurs accuracy
loss compared to the corresponding black box model.

Dataset | b wer-102 CUB-200 FGVC-Aircraft
Models
Black-Box 94.28 62.41 64.63
CBM 92.57 54.53 56.31
PCBM 93.58 58.20 64.45
CBM-HNMU 95.36 62.67 64.94

Table 5. Models optimized with CBM-HNMU intervention show
significant improvements over corresponding baseline, CBM, and
Post-hoc CBM across three datasets (NFResNet50 as backbone).

User Study. We tested whether the concepts suppressed
by CBM-HNMU are the same cues that humans find mis-
leading. The study spanned the Flower-102, CUB-200, and
FGVC-Aircraft test sets. For each pair of confused class
we clustered its images into ten groups and retained one
exemplar per cluster. Thirty paid, non-expert volunteers ex-
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amined each exemplar along with its intervention concept
and scored the concept as (i) true-class cue (CT), (ii) false-
class cue (CF), or (iii) a semantically related cue shared by
both classes (CR). As shown in Fig. 4, the mean confidence
for all three score exceeds 0.5, and the CT and CF scores
are nearly identical. This parity, together with the high CR
confidence, indicates that CBM-HNMU targets exactly the
visual hints that mislead both the network and human ob-
servers, validating the choice of intervention concepts.

Note: All results are shown as AVG (+STD)
of 30 participants on NFRes50, BotNet26
and RexNet100 across the 3 datasets.

Aircraft Test for NFRes50
True

s = - Q‘ o
(Class i 2
|False ‘ s —""‘
CBSSE..

Score

CT CF CR

Dataset

Flower-102 0.64+£0.12  0.58£0.09 0.61+0.14
i CUB-200 0.64 £0.08 0.64£0.06 0.55%0.17
IRspiskeIaVaIShinpics FGVC-Aircraft_| 0.67 £0.06 0.67 £0.06 0.59 £ 0.16
Intervention Concept: aircraft
“large tail fin with the airline's logo.” ﬂ‘ < T cub200
flower102
Q1: Do you think the intervention concept [:> \
appears in one (or more) of the True class

images (1st row)? [ . \
cr=01 02;03 04 Os [

(Most Likely) ' (Definitely)

(Uncertain)

Q2: Do you think the intervention concept
appears in one (or more) of the False class
images (2st row)?

cF=0O1 0O2:03 O4: OS5

(Most Likely) ' (Definitely)

(Uncertain) ' (MostLikely) ' (Definitely) | | wwean e

Q3: Do you think the intervention concept is
helpful in distinguishing these two classes?

cr=01 02:03 O4: 05

'. (Tiny) (Medium) ' (Great)

(a) User Interface

P

(b) Results

Figure 4. The interface was polished, but prompts and evaluation
criteria remained unchanged. Scores were normalized, with val-
ues above 0.5 indicating consistency with the evaluation rule. The
results show that our intervention concepts align with human per-
ception and aid in classifying confused classes.

5. Conclusion

We propose a novel human neural network mutual under-
standing framework that combines visual concepts and nat-
ural language concept bottleneck. Based on CBM-HNMU,
we can intervene in the black box based on understanding
the black box prediction basis to improve the generaliza-
tion performance of the black box while maintaining in-
terpretability. By combining LLMs with pre-trained VLM
and unsupervised concept extraction method, CBM-HNMU
can complete automated black-box intervention beyond the
sample level without additional labor costs and provide en-
riched intervention explanations.
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