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Abstract

Modern multi-label image classification models suffer from
a critical reliance on spurious correlations, failing to
learn the underlying causal mechanisms. Many causality-
inspired methods are impractical, demanding box-level su-
pervision that is rarely available in real-world datasets.
Others rely on static confounder dictionaries, which are
inherently inflexible and fail to capture complex biases or
adapt to feature space changes during training. To ad-
dress this, we present prototype-based causal intervention
(ProCI), a novel framework that approximates the backdoor
adjustment using only image-level supervision. It mod-
els confounders as learnable contextual prototypes engi-
neered to represent class-wise co-occurring bias. These
prototypes are learned dynamically within a stable mem-
ory and leveraged to construct sample-specific bias vec-
tors for an adaptive feature adjustment, effectively counter-
acting spurious correlations. Experiments on MS-COCO,
Pascal VOC, COCO-Stuff, and the challenging Sewer-ML
dataset validate our approach. ProCI achieves competitive
performance on standard benchmarks while setting a new
state-of-the-art on the highly-confounded Sewer-ML. It out-
performs the previous best model by a remarkable +5.44
points on the F2CIW metric. These results demonstrate the
effectiveness of our approach in mitigating complex real-
world biases using only image-level supervision1.

1. Introduction
While modern multi-label image classification (MLC) mod-
els continually achieve state-of-the-art accuracy on standard
benchmarks [33, 59], they are notoriously brittle and exhibit
poor generalization when deployed in the wild. This criti-
cal generalization gap arises because models are optimized
to exploit dataset-specific spurious correlations [12, 49],
such as transient label co-occurrences, rather than learning

*Corresponding author.
1Code is available at https://github.com/JustinLiam/

ProCI.

the underlying causal mechanisms that govern the visual
world. Consequently, model performance often collapses
when these learned “shortcuts”, which are mere artifacts of
dataset biases, do not hold in real-world environments.

Recently, various strategies have been explored, ranging
from specialized data augmentation and re-sampling tech-
niques to learning disentangled representations [20, 35]. A
principled approach, and one gaining significant traction,
leverages causal inference to mitigate the influence of con-
founders, aiming to learn true causal effects rather than
mere statistical associations [7, 24, 29, 40, 44]. However,
existing causality-inspired approaches often face two prac-
tical limitations. Firstly, their causal interventions highly
depend on instance-level bounding boxes [40], which are
often unavailable in many real-world datasets, especially in
large-scale industrial image classification where data is la-
beled only at the image level. Secondly, these methods de-
pend on pre-defined, static dictionaries to model potential
confounders [37], an approach with limited representative
capacity, unable to capture complex and unforeseen biases.
By being pre-defined and fixed, this dictionary is inherently
“over-fitted” to the specific statistical biases of its construc-
tion set, thus lacking the flexibility to adapt to the diverse
confounding patterns encountered in real-world scenarios.

To address these gaps, we propose prototype-based
causal intervention (ProCI), a novel framework that approx-
imates the backdoor adjustment [28] in feature space us-
ing only image-level labels. ProCI uniquely models con-
founding influences as learnable contextual prototypes. Un-
like traditional prototypes that capture discriminative class
features, our prototypes are designed to represent class-
wise co-occurring biases. The framework is composed of
two synergistic modules designed to precisely overcome the
limitations of prior work: the dynamic confounder memory
(DCM) and the adaptive causal intervention (ACI) module.

The DCM module directly confronts the “static dictio-
nary” problem. Instead of relying on pre-defined con-
founders, it maintains a learnable memory of class-wise
contextual prototypes that model latent confounding influ-
ences present in multi-label images. To balance adaptabil-
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ity and stability, we use a two-fold update strategy. First,
it selectively identifies and aggregates the most informa-
tive contextual features from the current batch, capturing
immediate, salient patterns. Second, this new information
is then smoothly integrated into the memory. This allows
the DCM to learn and adapt to the complex distributions of
confounders, using only image-level supervision provided
by class activation map (CAM)-guided feature extraction.

The ACI module then performs the causal interven-
tion, isolating true causal semantics (e.g., the object) from
the confounding influences (e.g., its co-occurrence) iden-
tified by the DCM. To achieve this, the ACI module first
adaptively queries the confounder memory to construct a
sample-specific bias vector. Critically, this vector is then
used to perform a conceptual feature adjustment, effectively
counteracting the confounding component in the original
image representation. This de-biased representation then
produces the final causal logits, yielding robust predictions
that are less reliant on spurious correlations.

We conduct experiments on standard benchmarks and
the challenging Sewer-ML dataset [14], a large-scale in-
dustrial dataset with severe confounding. Our contributions
are threefold: (1) We propose ProCI, a causal intervention
framework that operates solely on image-level supervision,
eliminating the reliance on instance-level annotations. (2)
We introduce the DCM module, which maintains a train-
able, continuously updated confounder memory for model-
ing confounding influences. (3) ProCI achieves competitive
results on standard benchmarks and establishes a new state-
of-the-art on Sewer-ML, demonstrating its superior ability
to mitigate complex, real-world confounding biases.

2. Related work
Spurious correlations in multi-label image classification.
The challenge of spurious correlations in MLC has drawn
significant attention [7, 26, 33]. Prior to causal approaches,
mitigation efforts broadly fall into two categories. The first
focuses on data-level manipulation, such as re-sampling or
advanced augmentation strategies [35, 38]. The second at-
tempts model-level fixes, such as dedicated representation
or explicit regularization to penalize reliance on contex-
tual features [31, 54]. However, these approaches merely
“patch” the symptoms of bias rather than modeling the un-
derlying causal mechanism itself. This fundamental limi-
tation motivates the need for a more principled approach,
leading to the rise of causal inference for de-confounding.

Causal inference for visual de-biasing. Causal infer-
ence, particularly Pearl’s backdoor adjustment [28], pro-
vides a principled framework for de-biasing. Since the full
confounder set is unobservable, the dominant approxima-
tion strategy is to model it as a single, static confounder
dictionary [7, 23, 37, 40]. This dictionary is computed once
by averaging box-level features [37, 40] or clustering global
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Z

Figure 1. Causal graph in multi-label image classification. The
causal intervention blocks the back-door path from Z to X , aiming
to learn true causal effects rather than statistical associations.

features [7], and then remains fixed during training. Inter-
vention is then performed by marginalizing over this fixed
set, often via attention mechanisms [7, 19, 40] or counter-
factual subtraction [23]. However, this paradigm is inher-
ently limited because the fixed dictionary cannot adapt to
the feature space changes during the training process. While
this paradigm also suffers from scalability issues (e.g., re-
liance on bounding boxes), the core unaddressed challenge
is designing a framework that can learn confounder repre-
sentations dynamically from image-level supervision.

Prototype-based bias representation. The concept of
prototype learning is well-established, notably in few-shot
classification, where prototypes are learned to represent the
discriminative essence of a target category [10, 36]. Be-
cause prototypes inherently capture stable and interpretable
representations [53], they provide a natural vehicle for en-
coding contextual regularities that act as confounding fac-
tors. Therefore, we re-purpose this mechanism to model the
effect of the unobservable confounder—the contextual bias
it induces in the feature space. We argue that in the pres-
ence of co-occurring biases, CAMs become “polluted” sig-
nals, inevitably mixing target features with contextual cues.
Based on this insight, we introduce class-wise contextual
prototypes as a learnable memory, and propose to dynam-
ically distill and update these prototypes from the CAMs.
This reframes prototype learning from representing target
semantics to explicitly capturing class-wise contextual bi-
ases. Extended comparisons are provided in Appendix A.

3. Our method
3.1. Preliminaries
In the MLC, a standard deep model learns the observational
conditional probability P (Y |X), where X represents the
image features and Y denotes the label vector. However,
this probability merely captures the statistical association,
which is often spurious as it may not arise from the intrinsic
properties of the objects themselves. Such spurious corre-
lations primarily stem from confounders, where a common
“context” causes both the features and the labels to appear
(as illustrated in Fig. 1). To learn the true causal effect of X
on Y , we need to answer a counterfactual question: “What
would the probability of label Y be if we could enforce
the features X , imagining it appearing across all possible
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Figure 2. Overview of the ProCI framework. (a) DCM Module: Tasked with building the confounder representation, this module first
employs CAM to capture per-class contextual features. A selective prototype refiner then filters these features, balancing selectivity (to
weight high-quality samples) with stability (to ensure long-term consistency), thereby continuously updating the confounder memory,
which also enforces feature-memory alignment. (b) ACI Module: This module approximates the causal intervention. It first disentangles
the image into a global semantic feature and a class-specific query. A conditional confounder aggregator then uses the query to compute
the conditional expected confounder representation. This debiased representation is fused with the global semantic feature to produce the
final causal logits. (c) Standard classification: This module produces standard observational logits, which act as a complementary signal.

confounders Z?” This concept is formalized in causal in-
ference as an intervention, denoted as P (Y |do(X)), where
the do(·) represents an external manipulation. According to
Pearl’s backdoor criterion [28], the true causal effect can be
identified and computed:

P (Y |do(X)) =
∑
z

P (Y |X, z)P (z) (1)

However, directly computing the causal effect via Eq. (1)
is intractable. The marginalization requires enumerating all
possible confounders Z, which are not only unobserved,
high-dimensional, and latent, but also represent a complex,
unknown distribution of visual contexts. Therefore, the cen-
tral challenge is to find a practical approximation for this
intervention, P (Y |do(X)), using only image-level labels.

3.2. ProCI overview

To address the challenges discussed in Sec. 3.1, we pro-
pose the prototype-based causal intervention (ProCI) frame-
work. Our goal is to approximate the intractable causal ef-
fect P (Y |do(X)), as defined in Eq. (1), by explicitly mod-
eling and mitigating the influence of latent confounders Z.
As illustrated in Fig. 2, ProCI achieves this through two co-
operative causal modules:

(a) The DCM module, which dynamically maintains a con-
founder memory. This memory stores prototypes that
represent the expected contextual bias induced by Z.

(b) The ACI module, which performs the backdoor adjust-
ment. It leverages the confounder memory to construct a
sample-specific bias representation, then uses it to “de-
bias” the image feature, yielding the final causal logits.

In parallel, a standard classification learns the observational
probability P (Y |X). We retain this as a complementary
signal to enhance the training stability. The specific designs
for the DCM and ACI modules are detailed in Sec. 3.3 and
Sec. 3.4, followed by the training objective in Sec. 3.5.

3.3. Dynamic confounder memory module

The goal of the DCM module is not to explicitly model
the unobservable confounders Z, but to approximate their
observable effect—the contextual patterns that consistently
co-occur with a given class. To this end, we maintain a
learnable confounder memory M ∈ RK×D, where each
entry Mk stores a class-conditioned contextual prototype.
Rather than assuming that confounders are class-specific,
this formulation captures the empirical contextual regular-
ities associated with class k under the training distribu-
tion. These prototypes serve as adaptive estimates of class-
wise contextual bias and provide the bias representations
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required by the ACI module for feature-level intervention.
Contextual feature extraction. To capture class-
conditioned contextual signals, we generate per-class fea-
tures Z ∈ RB×K×D via CAM-based weighted pool-
ing [5, 56]. Given the feature map F and the CAM A ∈
RB×K×H×W , we compute:

Zb,k =
∑
h,w

ReLU(A[b, k, h, w])∑
h′,w′ ReLU(A[b, k, h′, w′])

· Fb[:, h, w] (2)

The resulting Zb,k captures the dominant co-occurring pat-
terns for class k. We treat these CAM-conditioned features
as observable contextual evidence, serving as the opera-
tional signal for memory construction and intervention.

Selective prototype refiner. Because the CAM-
conditioned features may exhibit noise or sample-level vari-
ability, M requires a dynamic mechanism that can empha-
size reliable contextual evidence while suppressing outliers.
Simply averaging the batch features Z:,k is therefore subop-
timal. We introduce the selective prototype refiner, which
updates prototypes through two complementary processes:

Intra-batch selectivity. Not all features Zb,k (positives
Bk) contribute equally to contextual characterization. To
prioritize the most representative samples, we compute an
attention score using a lightweight, class-specific contextual
preference vector wk ∈ RD:

sb,k = wT
k Zb,k. (3)

Softmax normalization produces attention weights ab,k:

{ab,k}b∈Bk
= Softmax({sb,k}b∈Bk

), (4)

leading to the refined batch prototype

m̂k =
∑
b∈Bk

ab,kZb,k. (5)

Inter-batch stability. To mitigate batch-level fluctua-
tions, the memory prototype Mk is updated using an EMA
with momentum α ∈ [0, 1):

Mk ← αMk−1 + (1− α)m̂k. (6)

After each update, prototypes are L2-normalized. This
EMA-based update maintains a long-term memory of con-
textual patterns accumulated across training batches, which
mitigates the risk of overwriting earlier confounding pat-
terns and stabilizes the training dynamics of the DCM.
Through this process, stable class-conditioned contextual
prototypes are distilled from noisy CAM features. Impor-
tantly, DCM remains robust regardless of CAM localization
quality; see Appendix B for a detailed analysis.

Alignment regularization To ensure that the confounder
memory M receives reliable contextual evidence, the ex-
tracted features Z must avoid excessive dispersion caused
by CAM noise. We therefore introduce a lightweight align-
ment loss [16] to regularize the feature space. This loss en-
courages each contextual feature Zb,k to remain close to its
corresponding prototype Mk while remaining distinguish-
able from other prototypes Mj . Using L2-normalized fea-
tures Z̃b,k and prototypes M̃j , the loss is:

Lali = −
1

|P|
∑

(b,k)∈P

log
exp(Z̃b,k · M̃k/τ)∑K
j=1 exp(Z̃b,k · M̃j/τ)

(7)

where P is the set of positive pairs (b, k) in the batch (i.e.,
Yb,k = 1), and τ is a temperature hyper-parameter. This
regularization helps stabilize memory updates by reducing
feature-level noise.

3.4. Adaptive causal intervention module
The ACI module implements a feature-level approximation
of the backdoor adjustment in Eq. (1). It first factorizes the
image representation into a global semantic feature Xc and
a class-specific query Xq . Using Xq , the DCM provides a
confounder-aware embedding C that captures the contex-
tual patterns associated with each class. ACI then combines
Xc andC through a lightweight modulation function to pro-
duce the causal logits. See Appendix C for a formal connec-
tion to the backdoor adjustment.

Feature disentanglement. A valid causal adjustment
requires separating the contributions of X (content) and Z
(confounder). We obtain them by the following:
• Global semantic feature (Xc): Represents context-

agnostic content. We compute Xc ∈ RB×D via global
average pooling on the final backbone feature map F , fol-
lowed by L2-normalization.

• Class-specific query (Xq): Represents localized, class-
conditioned evidence used to infer Z. We use the contex-
tualized features Z ∈ RB×K×D as the query representa-
tion, where K is the number of classes.

This separation is crucial: Xc is derived from global fea-
tures, whereas Xq originates from class-conditioned fea-
tures that tend to capture co-occurring contexts.

Adaptive confounder estimation. To perform the ad-
justment, we estimate the confounder z conditioned on the
query Xq . We approximate this conditional expectation by
treating the normalized memory prototypes M̃j as discrete
prototype candidates. For each vector Zb,k, we compute:

(qb,k, kj) = (Norm(WqZb,k), Norm(WkM̃j)) (8)

βb,k,j = Softmaxj
(
(qb,k · kTj )/τaci

)
(9)

Cb,k =

K∑
j=1

βb,k,jM̃j ≈ E[z |Zb,k] (10)
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where Wq and Wk are linear projection layers and τaci is
a temperature hyperparameter. The resulting tensor C ∈
RB×K×D provides the estimated bias representation for
each sample–class pair.

Causal logit computation. Instead of attempting to
“subtract” the bias, we compute causal logits by learning
a confounder-aware modulation function g. We posit that a
classifier g(·) trained on the disentangled Xc and C is en-
couraged to rely primarily on the causal path (viaXc) while
accounting for the spurious path (via C).

To compute the K logits for each sample b, we first ex-
pand the global feature tensor Xc (shape B ×D) to match
the per-class bias tensorC (shapeB×K×D). We then con-
catenate these tensors and pass the result through an MLP
(LayerNorm, Tanh, Linear) to produce the final logits:

h = Tanh(LayerNorm([Xc,expanded ⊕ C])) (11)

Ŷ cau =Wcauh+ bcau (12)

The final output Ŷ cau ∈ RB×K is the output of this modu-
lation function g(Xc, C), providing a feature-level approx-
imation to the intervened prediction P (Y |do(X)).

3.5. Training objective
We jointly optimize the framework with a total loss Ltotal

composed of three terms that reflect our model design:

Ltotal = Lcau + λaliLali + λclsLcls. (13)

Here, Lcau and Lcls are the classification losses computed
from the causal logits Ŷ cau and the standard logits Ŷ cls,
respectively, both implemented using the asymmetric loss
(ASL) [31]. Lali is the representation alignment loss from
Eq. (7). The coefficients λali and λcls are weighting fac-
tors that balance the alignment and auxiliary classification
terms, supporting the end-to-end optimization.

4. Experiments
We evaluate ProCI across standard multi-label benchmarks
and a large-scale industrial dataset with severe real-world
confounding. We first compare against state-of-the-art
methods on the standard benchmarks, then assess perfor-
mance under real-world confounding, supported by qualita-
tive heatmap visualizations. Finally, we conduct ablations
to isolate the contribution of each component.

4.1. Experimental setup
Datasets. We evaluate on four multi-label benchmarks:
MS-COCO [22], Pascal VOC [9], COCO-Stuff [1] and
Sewer-ML [14]. While MS-COCO and Pascal VOC are
standard benchmarks for general performance , COCO-
Stuff is employed to assess model robustness under explicit
co-occurrence shifts. Sewer-ML is a large-scale industrial

dataset containing over 1.3 million images with severe real-
world confounding. This comprehensive setting highlights
the necessity of causal de-biasing under weak supervision.
Detailed dataset statistics are provided in Appendix D.

Implementation details. We train all models using
AdamW with backbone-specific learning rates and weight
decay following prior work, under a cosine decay sched-
ule and mixed-precision training. The loss follows Eq. (13)
with λcls = λali = 1.0, using ASL for classification. The
alignment loss Lali and causal loss Lcau are activated after
10 epochs to allow the confounder memory to stabilize. All
models are trained for 50 epochs. Baseline results are taken
from original publications or reproduced using official im-
plementations when backbone settings match. Detailed hy-
perparameters are provided in Appendix E.

Evaluation metrics. For MS-COCO, we report mean
average precision (mAP) together with per-class (CP, CR,
CF1) and overall (OP, OR, OF1) precision, recall, and F1
scores. For Pascal VOC 2007, we report mAP and per-
class average precision (AP). For COCO-Stuff, we report
mAP across the exclusive, co-occur, and all distributions.
For Sewer-ML, we report F1Normal and the class-importance
weighted F2 score (F2CIW). F1Normal corresponds to the
dataset’s “normal” (non-defect) class, while F2CIW is an
importance-weighted F2 measure emphasizing defect re-
call. Detailed formulations are provided in Appendix F.

4.2. Results on standard benchmarks
MS-COCO Tab. 1 reports comparisons with state-of-the-
art methods on MS-COCO. ProCI delivers consistent im-
provements across all backbone families.

CNN backbones. On standard architectures, ProCI
reaches 87.0% mAP with ResNet-101 and 90.1% with
TResNet-L, exceeding all prior methods using the same
backbone settings. Moreover, the gains extend beyond
mAP: ProCI improves CF1 and OF1, indicating that our
causal intervention enhances both per-class and overall la-
bel consistency.

Transformer backbones. The benefits of ProCI be-
come more pronounced with high-capacity models. Using a
Swin-Base pretrained only on ImageNet-1k, ProCI achieves
90.7% mAP, surpassing the previously reported Q2L-Swin-
L (90.5%) despite using a significantly smaller backbone
and a weaker pretraining source. This demonstrates strong
parameter efficiency and robustness to pretraining scale.
When applied to the same Swin-L (21k) backbone, ProCI
further establishes a new state-of-the-art with 91.4% mAP,
along with new best CF1 (87.1%) and OF1 (89.0%).

Key observations. These results highlight two impor-
tant findings: (i) ProCI consistently improves strong base-
lines without modifying backbones, validating the effective-
ness of our confounder modeling strategy; (ii) the gains am-
plify with transformer models, supporting our design moti-
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Table 1. Comparison results on MS-COCO with state-of-the-art methods. Backbones are pretrained on ImageNet-1k unless otherwise
specified. “21k”, “22k”, and “OI” denote ImageNet-21k, ImageNet-22k, and Open Images pretraining, respectively. Input resolution
follows the settings used in the corresponding original works. Best results are highlighted in bold. All metrics are in %.

Method Backbone Resolution mAP CP CR CF1 OP OR OF1

ML-GCN [6] ResNet-101 448× 448 83.0 85.1 72.0 78.0 85.8 75.4 80.3
CSRA [50] ResNet-101 448× 448 83.5 84.1 72.5 77.9 85.6 75.7 80.3
MS-CMA [51] ResNet-101 448× 448 83.8 82.9 74.4 78.4 84.4 77.9 81.0
MCAR [11] ResNet-101 448× 448 83.8 85.0 72.1 78.0 88.0 73.9 80.3
KSSNet [41] ResNet-101 448× 448 83.7 84.6 73.2 77.2 87.8 76.2 81.5
TDRG [55] ResNet-101 448× 448 84.6 86.0 73.1 79.0 86.6 76.4 81.2
IDA [24] ResNet-101 448× 448 84.8 - - 78.7 - - 80.9
SpliceMix-CL [38] ResNet-101 448× 448 84.9 87.4 73.2 79.7 88.2 76.3 81.7
PAT-T [44] ResNet-101 448× 448 85.0 87.6 74.4 80.5 88.4 77.9 82.8
C-Trans [21] ResNet-101 576× 576 85.1 86.3 74.3 79.9 87.7 76.5 81.7
C-TMS [43] ResNet-101 448× 448 85.1 87.2 74.2 79.1 88.7 76.5 81.4
MambaML [59] ResNet-101 448× 448 85.7 86.1 75.1 80.3 87.7 77.6 82.3
OPRL [54] ResNet-101 448× 448 85.7 85.9 75.3 79.8 87.1 77.9 82.3
CMLL [37] ResNet-101 576× 576 86.5 88.8 76.7 81.2 88.1 78.9 82.8

ProCI (Ours) ResNet-101 448× 448 86.5 88.2 76.5 81.9 88.4 78.5 83.2
ProCI (Ours) ResNet-101 576× 576 87.0 88.4 77.0 82.3 88.9 79.1 83.7

SPA [8] ViT-B/32 224× 224 76.8 - - - - - -
ASL [31] TResNet-L 448× 448 86.6 87.2 76.4 81.4 88.2 79.2 81.8
CPSD [47] TResNet-L 448× 448 87.3 85.5 78.9 82.1 85.7 81.5 83.7
Q2L [25] TResNet-L 448× 448 87.3 87.6 76.5 81.6 88.4 78.5 83.1
OPRL [54] ViT-L 448× 448 88.1 89.6 76.6 81.7 89.3 80.0 84.4
PAT-T [44] TResNet-L 448× 448 88.7 89.0 78.8 83.6 89.3 81.3 85.1
ADDS [48] ViT-L 224× 224 89.8 - - - - - -
CMLL [37] TResNet-L 576× 576 89.2 86.3 81.4 83.8 88.5 83.3 85.6

ProCI (Ours) TResNet-L 448× 448 90.1 89.8 79.2 84.2 91.2 81.5 86.1

TResNet-L [30] TResNet-L (21k) 448× 448 88.4 - - - - - -
ML-Decoder [33] TResNet-L (OI) 448× 448 90.0 - - - - - -
Q2L-TResL [25] TResNet-L (OI) 448× 448 90.1 83.6 84.2 83.9 85.0 85.9 85.4
OPRL [54] ViT-L (22k) 448× 448 90.3 92.5 78.5 84.3 92.7 80.2 86.0
Q2L-SwinL [25] Swin-L (21k) 384× 384 90.5 89.4 81.7 85.4 89.8 83.2 86.4

ProCI (Ours) Swin-Base (1k) 384× 384 90.7 92.2 81.5 86.5 92.7 84.6 88.5
ProCI (Ours) Swin-L (21k) 384× 384 91.4 92.7 82.2 87.1 93.1 85.2 89.0

Table 2. Comparison of class-wise average precision (AP) and mean average precision (mAP) on the Pascal VOC 2007 dataset. All metrics
are in %. The symbol ? denotes using a large input resolution (576×576). The best performance is highlighted in bold.

Method plane bike bird boat bottle bus car cat chair cow table dog horse moto person plant sheep sofa train tv mAP

RMIC [17] 97.1 91.3 94.2 57.1 86.7 90.7 93.1 63.3 83.3 76.4 92.8 94.4 91.6 95.1 92.3 59.7 86.0 69.5 96.4 79.0 84.5
RLSD [52] 96.4 92.7 93.8 94.1 71.2 92.5 94.2 95.7 74.3 90.0 74.2 95.4 96.2 92.1 97.9 66.9 93.5 73.7 97.5 87.6 88.5
RDAR [42] 98.6 97.4 96.3 96.2 75.2 92.4 96.5 97.1 76.5 92.0 87.7 96.8 95.8 93.8 98.5 81.6 93.7 82.8 98.6 89.3 91.9
RARL [3] 98.6 97.1 97.1 95.5 75.6 92.8 97.3 97.3 78.3 92.2 87.6 97.6 96.5 93.6 98.5 81.6 93.1 83.2 98.5 89.3 92.0
RCP [39] 99.3 97.6 98.0 96.4 79.3 93.8 96.6 97.1 78.0 88.7 87.1 97.1 96.3 95.4 99.1 82.1 93.6 82.2 98.4 92.8 92.5
SSGRL? [4] 99.5 97.1 97.6 97.8 82.4 94.8 96.7 98.1 78.0 97.0 85.6 97.8 97.4 96.4 98.8 84.9 96.5 79.8 98.4 92.8 93.4
ML-GCN [6] 99.5 98.5 98.6 98.1 80.8 94.6 97.2 98.2 82.3 97.5 93.7 98.4 98.4 96.7 99.0 84.7 96.7 84.3 98.9 93.7 94.0
TSGCN [46] 98.9 98.5 96.8 97.3 87.5 94.2 97.4 97.7 84.1 92.6 89.3 98.4 98.0 96.1 98.7 84.9 96.6 87.2 98.4 93.7 94.3
ASL [31] - - - - - - - - - - - - - - - - - - - - 94.4
CSRA [58] 99.9 98.4 98.1 98.9 82.2 95.3 97.8 97.9 84.6 94.8 90.8 98.1 97.6 96.2 99.1 86.4 95.9 88.3 98.9 94.4 94.7
DATran [57] 99.9 98.7 98.6 98.4 82.6 96.0 97.7 98.6 85.0 96.2 84.7 97.9 96.7 96.9 98.8 85.0 97.9 86.7 99.2 95.2 94.6
C-TMS [43] 99.5 96.2 97.6 96.5 86.4 95.8 95.2 98.9 88.7 97.5 87.6 99.2 99.2 97.3 99.0 85.0 98.1 86.1 99.1 94.2 94.8
MambaML [59] 99.8 98.6 97.8 98.0 82.8 96.3 98.1 98.3 84.0 96.7 88.3 98.2 98.6 96.8 99.0 87.5 96.8 89.8 99.2 95.1 95.0
OPRL [54] 99.9 98.5 98.4 98.4 83.9 97.3 97.7 98.6 80.7 98.1 86.9 99.1 99.1 98.2 99.3 87.0 99.6 86.7 99.7 93.8 95.1

ProCI (Ours) 99.9 99.0 98.8 98.2 87.5 98.4 98.5 98.5 84.0 98.2 89.7 99.3 98.8 98.2 99.3 88.2 99.1 89.8 99.7 95.2 96.0

vation that reducing context-induced spurious correlations
particularly benefits high-capacity feature extractors.

Pascal VOC We further evaluate ProCI on the Pascal
VOC 2007 dataset. Following common practice [54, 57,
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59], we employ a TResNet-L backbone pretrained on
ImageNet-1k with a 448 × 448 input resolution to ensure
a fair comparison with recent strong baselines.

ProCI sets a new state-of-the-art, achieving 96.0%
mAP, which is a clear improvement of +0.9 points over
the previous best method, OPRL (95.1%). This gain is sup-
ported by strong class-wise performance: ProCI attains the
best or tied-best AP on 14 out of 20 categories, including
challenging classes such as bus, car, plant, sofa, and tv.

Notably, VOC 2007 is a highly saturated benchmark with
sparse label co-occurrence (approximately 1.5 labels per
image), implying limited contextual bias. The significant
gain in this low-correlation regime suggests that our ProCI
does more than suppress dataset-specific co-occurrences. It
instead strengthens object-centric representations and pre-
vents the model from overfitting to incidental context.

4.3. Performance under real-world confounding

To assess robustness under severe real-world confounding,
we evaluate ProCI on the Sewer-ML dataset, which exhibits
strong background–defect correlations induced by pipe ma-
terials, lighting conditions, and imaging artifacts [14]. Fol-
lowing prior work [18], we adopt a TResNet-L backbone
with 224×224 input resolution to ensure a fair compari-
son. Most COCO/VOC-oriented MLC methods (e.g., ML-
Decoder, OPRL and MambaML) are tailored to natural-
image statistics, balanced label distributions, and large-
scale pretraining, which do not hold in Sewer-ML. Consis-
tent with established practice in this domain [18], we there-
fore compare against the strongest task-relevant baselines.

As shown in Tab. 3, ProCI establishes a new state-of-the-
art by a clear margin, achieving 68.82% F2CIW and 92.65%
F1Normal. Compared to the strongest end-to-end non-causal
baseline (TResNet-L), ProCI delivers a substantial gain of
+14.19 points in F2CIW. It also surpasses the previous
leading model, SPM [18], by +5.44 points on this primary
metric, highlighting the benefit of our dynamic confounder
memory and adaptive intervention mechanism.

ProCI consistently outperforms all two-stage ap-
proaches, including the best-performing KSSNet [41].
These results underscore the effectiveness of ProCI in miti-
gating inherent dataset biases and enhancing model robust-
ness in confounded real-world scenarios.

4.4. Deconfounding under co-occurrence shifts

Following [7] and [34], we evaluate ProCI on the COCO-
Stuff dataset under the exclusive and co-occur settings,
where label pairs that co-occur during training are de-
coupled at test time to simulate distribution shifts in co-
occurrence patterns. Since the official implementations of
Chen et al. [7] and feature-split [34] are not publicly avail-
able, we use reported results and run a publicly available

Table 3. Comparison on Sewer-ML. The best performance
is highlighted in bold.

Method Validation

F2CIW [%] F1Normal [%]

Tw
o-

st
ag

e

Xie [45] 48.57 91.08
Chen [2] 42.03 3.96
Hassan∗ [13] 18.08 91.08
Myrans∗ [27] 27.87 91.08
ResNet-101∗ [15] 54.45 91.28
KSSNet∗ [41] 55.37 91.30
TResNet-L∗ [32] 55.36 91.32

E
nd

-t
o-

en
d

Hassan [13] 13.14 0.00
Myrans [27] 4.01 26.03
ResNet-101 [15] 53.26 79.55
KSSNet [41] 54.42 80.60
TResNet-L [32] 54.63 81.22
SPM [18] 63.38 91.57
ProCI (Ours) 68.82 92.65

∗ denotes two-stage training protocol applied to an end-to-end
architecture.

Table 4. Deconfounding performance (mAP) under co-
occurrence shifts on COCO-Stuff. The best performance is
highlighted in bold.

Method Exclusive Co-occur All

ResNet-101 [15] 24.4 66.5 55.8
CAM-Based [34]† 25.6 63.5 55.9
feature-split [34]† 27.9 64.9 56.1
Chen et al. [7]‡ 31.0 70.3 61.4

ProCI (Ours) 39.3 75.9 64.5
† Results obtained using a publicly available reimplementation2.
‡ Results reported in the original paper.

reimplementation2 using the same ResNet-101 backbone
and protocol. As shown in Tab. 4, ProCI achieves substan-
tial improvements over the prior state-of-the-art, with +8.3
points mAP in the exclusive setting and +5.6 points in the
co-occur setting. These results indicate that ProCI effec-
tively mitigates spurious correlations and generalizes under
explicit confounder shifts.

4.5. Qualitative analysis
To better understand why ProCI yields large gains on
Sewer-ML, we visualize model attention in Fig. 3. We
compare the CAM of the TResNet-L baseline with two
complementary heatmaps from our method: Confounder-
CAM, obtained by projecting the learned DCM prototypes

2https://github.com/princetonvisualai/ContextualBias/tree/main
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(a) Original image (b) Baseline CAM (c) Confounder-CAM (d) ProCI-CAM

Figure 3. Qualitative analysis on Sewer-ML. One of the true labels is “displaced joint”. (a) Original image containing the defect (marked in
red for visualization) and salient contextual confounders (e.g., the inspection probe). (b) Baseline CAM: the TResNet-L model incorrectly
focuses its attention on the spurious probe rather than the defect region. (c) Confounder-CAM: visualizes contextual patterns captured by
the DCM prototypes, which correspond to confounding signals rather than object evidence. (d) ProCI-CAM: suppresses the confounder
response and concentrates on the joint region, suggesting that our model relies more on the defect region for prediction.

back to the image space to visualize modeled confounders,
and ProCI-CAM, computed from the standard classification
branch after applying our causal intervention.

As shown in Fig. 3, although one of the true labels is
“displaced joint”, the baseline CAM behaves like a shortcut
learner: its strongest response is on the bright inspection
probe, a salient but non-defect object. Our Confounder-
CAM reveals that the DCM has successfully internalized
this biased pattern, as its prototypes also activate on the
probe region despite the probe never being labeled as a sep-
arate defect category. In contrast, the ProCI-CAM illus-
trates the effect of our causal intervention: the response on
the probe is strongly suppressed, and the attention shifts to-
wards the joint region where the actual defect is located.

This example highlights how ProCI disentangles con-
founders from true causal evidence: the confounder mem-
ory explicitly models spurious context, and the ACI module
downweights its influence when forming the final predic-
tion. More qualitative results are provided in Appendix G.

4.6. Ablation study
We evaluate the components of ProCI on Sewer-ML in Ta-
ble 5 where our full model achieves 68.82% F2CIW. No-
tably, training without the classification loss Lcls results in
a performance of 53.04% which is inferior to the baseline.
This validates that Lcls provides the foundational seman-
tic anchors required for stable confounder discovery un-
der image-level supervision. The causal intervention mod-
ule provides the most significant individual contribution be-
cause its removal leads to a substantial performance drop of
9.45 points in F2CIW.

We further analyze the internal mechanisms of our
ProCI. Replacing the attention-based selectivity with mean
pooling yields a clear degradation in accuracy. Similarly,
replacing the prototype stabilization with hard updates re-
duces the performance. These results demonstrate that each
component contributes to the final representation quality.
Specifically, the dynamic confounder memory provides reli-

Table 5. Ablation of components and mechanisms on Sewer-ML.
(I) Loss term combinations; (II) Structural design variants.

Variant Lcls Lali Lcau F2CIW F1Normal

Baseline X 54.63 81.22
w/o Lcls X X 53.04 77.43
w/o ACI X X 59.37 85.96
w/o Lali X X 65.92 91.63

ProCI (Full) X X X 68.82 92.65

– Mean pooling X X X 64.38 89.70
– Hard update X X X 67.49 90.03

able representations while the intervention mechanism per-
forms effective feature-level deconfounding.

Due to space constraints, we provide extended scalability
analyses regarding label density and category abstractions
in Appendix H.

5. Conclusion and discussion

We introduced ProCI, a causal intervention framework
for multi-label image classification that mitigates spurious
correlations using only image-level labels. By modeling
confounders as dynamic, learnable prototypes through the
DCM module and performing adaptive feature-level adjust-
ment via the ACI module, ProCI mitigates confounding in-
fluences in an end-to-end manner.

Although experiments validate the scalability of
ProCI, scaling to large-vocabulary datasets with many
co-occurring labels requires further investigation. Rep-
resenting abstract categories such as travel, street, or
sunset without salient anchors also remains a challenge
when activation maps become diffuse. Developing more
expressive confounder representations to address these
bottlenecks remains a vital direction for future research.
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