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Abstract
Physical commonsense is an essential aspect of human cog-
nition, involving an intuitive understanding of the physical
properties and interactions of everyday objects and mate-
rials. Though physical commonsense reasoning should in-
herently be a multisensory task, integrating both video and
audio signals, existing physical audiovisual commonsense
reasoning (PACR) models predominantly rely on visual in-
formation. This reliance leads to spurious correlations and
undermines the models’ reasoning and generalization abil-
ities. To counteract this, we introduce a model-agnostic
Counterfactual Physical Audiovisual Commonsense Reason-
ing (CF-PACR) framework aimed at mitigating visual bias-
induced spurious effects. Specifically, we construct a tradi-
tional PACR model using both audio and visual information
as the factual reasoning model. Subsequently, in the coun-
terfactual reasoning model, we isolate visual information to
estimate direct effects. Finally, we subtract the direct effects
from the total effects across modalities to derive indirect ef-
fects, thereby mitigating visual biases. Extensive experiments
validate the effectiveness and generalizability of CF-PACR in
alleviating the spurious correlations between visual modality
and model predictions.

Introduction
To facilitate the safe deployment of artificial intelligence
(AI) systems across a myriad of real-world scenarios, it is
imperative that these systems acquire an understanding of
the physical properties, affordances, and interactions of ev-
eryday objects, as well as how to manipulate them (Krishna
et al. 2017; Yatskar et al. 2017; Hessel, Mimno, and Lee
2018; Forbes, Holtzman, and Choi 2019; Yu et al. 2022).
This general understanding of physical attributes and in-
teractions of objects is crucial for the development of se-
cure and trustworthy AI systems (Bisk et al. 2020). For in-
stance, “in the absence of a brush for makeup application,
the expectation would be for a robot to proffer a cotton
swab rather than a toothpick”. Previous research has delved
into harnessing visual and textual data to explore physical
commonsense (Jimenez 2020; Storks et al. 2021). Nonethe-
less, reasoning about physical commonsense is inherently a
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cross-modal task, as physical attributes can manifest across
various modalities including, but not limited to, visual and
auditory cues. In scenarios where an object appears visually
ambiguous or rare, auditory information may provide essen-
tial cues for identifying its physical characteristics.

However, existing physical audiovisual commonsense
reasoning (PACR) methods heavily rely on the correlation
between visual features and class labels for prediction. This
dependency appears particularly fragile when dealing with
unknown or rare testing samples (Sun et al. 2021, 2022).
Specifically, when objects in test samples are presented in
ways unseen or rare to models, they tend to infer based
on the distribution of visual clues in prior learned experi-
ence, leading to prediction errors. For instance, in the test
datapoint depicted in Fig. 1, the ground truth labels of the
involved objects (Object1, Object2) are [foam] and
[ceramic], respectively. In the training set, the num-
ber of samples with the same object combination (i.e.
[foam]+[ceramic]) is only 2, while those annotated
with ([foam]+[wood]) and ([foam]+[plastic]) are
22 and 62, respectively. Due to the shortcut effect (Ye
and Kovashka 2021), the model is prone to misidentifying
Object2 as wood, as it fails to adapt to this rare pattern of
visual object combination, thereby diminishing the model’s
generalization ability in long-tail scenarios. This correlation
between visual features and predictive outcomes is also re-
ferred to as the spurious effect in causal inference (Niu et al.
2021; Ma et al. 2022), highlighting the adverse effects of
over-reliance on the visual modality for PACR.

To address the issue of spurious correlations, one intu-
itive approach is the collection of unbiased datasets. How-
ever, the prevalence of the long-tail distribution of the visual
world (Kang et al. 2019; Cao et al. 2019; Liu et al. 2019)
limits our ability to offer a sufficient number of matched
training samples for all test samples. An alternative is to de-
velop advanced cross-modal fusion methods (Lu et al. 2019;
Xiao et al. 2020; Zellers et al. 2021), such as those based
on attention mechanisms (Nagrani et al. 2021) or pretrain-
ing surrogate tasks (Georgescu et al. 2023). These sophisti-
cated fusion strategies enable models to transcend reliance
on solitary visual features by leveraging auditory informa-
tion to enhance visual perception and improve the interpre-
tation of complex scenes. Nonetheless, these methods do not
adequately eliminate the inherent risk of visual biases.
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Figure 1: Visual Bias in PACS Task. The observed visual bias results from an imbalanced distribution of object combinations in
the training data, causing the model to learn spurious correlations. As shown in the test case, AudioCLIP (Guzhov et al. 2020)
incorrectly classifies ‘ceramic’ as ‘wood’, demonstrating how the model’s overexposure to the ‘foam’+‘wood’ combination
during training leads to erroneous associations.

To this end, we introduce a general framework—the
Counterfactual Physical Audiovisual Commonsense Rea-
soning (CF-PACR) framework—to mitigate the adverse ef-
fects of visual biases on physical commonsense reasoning
tasks. This framework is motivated by an analysis of the role
of the visual modality in model predictions, revealing two
key influences: direct and indirect effects. Direct effects re-
fer to predictions relying directly on visual object combina-
tions, often manifesting as spurious correlations in the visual
modality, while indirect effects, through the multimodal fu-
sion of visual and audio, extract reliable visual cues, show-
ing the benefits of visual information. CF-PACR achieves
debiased reasoning by separating direct effects from the to-
tal effect, preserving the pure indirect effects.

In the training phase of CF-PACR, we conduct factual
reasoning using video, audio, and their fusion information;
in the testing phase, we endow CF-PACR with counterfac-
tual analysis capabilities. Counterfactual reasoning scenar-
ios explore such a hypothetical situation: how would the
model identify the material category of an object or answer
commonsense questions if it only had access to visual infor-
mation? By contrasting the results of factual and counterfac-
tual reasoning, the model achieves more accurate classifica-
tion scores. The highlights of this research are summarized
as follows: (1) We identify the spurious correlations be-
tween visual concept combinations and model predictions in
the PACS dataset, revealing their limitations on model rea-
soning and generalization. (2) The proposed model-agnostic
CF-PACR framework leverages causal graph models to dis-
tinguish visual biases learned within visual features (cap-
tured by direct effects of the visual modality) from effec-
tive visual cues learned within multimodal fusion (captured
by indirect effects of the fused modality). (3) Extensive ex-
periments validate the effectiveness and generalizability of
CF-PACR, demonstrating considerable improvements over
traditional PACR models using counterfactual inference.

Related Work
Physical commonsense refers to a general understanding of
the physical attributes and affordances of common objects
in everyday life (Forbes, Holtzman, and Choi 2019; Bisk
et al. 2020; Jimenez 2020; Zhao, Papalexakis, and Ma 2020;
Storks et al. 2021). Physics commonsense reasoning is fun-
damentally a multimodal task, as physical properties can be
presented through multiple modalities including visual and
audio (Yu et al. 2022; Lv et al. 2024). Recent research has
explored physics commonsense in various visual tasks, in-
cluding scene understanding (Chen et al. 2019), visual de-
animation (Wu et al. 2017), activity recognition (Li et al.
2023), and cause-and-effect relationship prediction (Mot-
taghi et al. 2016). However, these approaches focus solely on
the visual modality, posing significant challenges for tasks
involving unseen or occluded objects. If two objects are vi-
sually similar, audio can provide valuable information to
distinguish their physical properties. To this end, Yu et al.
established the first physics audiovisual commonsense rea-
soning (PACS) benchmark. Lv et al. introduced a disentan-
gling counterfactual learning approach for physics audiovi-
sual commonsense reasoning. In contrast to these methods,
CF-PACR is tailored to mitigate the impact of visual biases
in PACS tasks. The motivation for CF-PACR stems from
an analysis of the complexity of visual information, wherein
visual cues simultaneously contain beneficial clues for iden-
tifying physical attributes of objects and detrimental biases
that induce prediction errors.

Method
Task Definition of PACS
PACS (Yu et al. 2022) is a video-based audiovisual bench-
mark designed to evaluate the model’s ability to reason about
physical commonsense using audio and visual modalities.
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Figure 2: Illustration of the causal graph in the physical audiovisual commonsense reasoning (PACR) task.

Its core tasks include (multi-class) object material classifi-
cation (i.e. PACS-Material) and binary question answering
(i.e. PACS-QA). Given a question q and two objects o1 and
o2, the model is tasked with selecting the material category
for a query object or picking up the object that best fits the
question. Each object o is represented by a video v, an au-
dio a, and a bounding box b drawn around the object in the
video frames. Hence, each datapoint in the PACS task is a tu-
ple (q, (b1, v1, a1), (b2, v2, a2), ℓ), where ℓ denotes the label
indicating the material category of the query object (PACS-
Material) or which object is the correct answer (PACS-QA).

Causal Graph in PACS Tasks
Fig. 2 presents the causal graph constructed specifically for
the PACS tasks, comprising elements such as question Q,
video V , audio A, cross-modal representation M, and model
prediction Y . This causal graph is designed with a broad uni-
versality, unrestricted by specific implementation details.
Node Q (Question): Utilizes a text feature extractor to
derive features from questions, generating queries related
to visual or auditory features. For a given question q,
this node outputs utterance-level question representation Q:
Input: {q} → Output: {Q}.
Node V (Video): Contains an object visual encoder for
learning the visual representation of objects. Given a pair of
object videos (v1, v2), and a question q, this node outputs
object-level visual representation V: Input: {q, v1, v2} →
Output: {V }, where V carries the visual information of ob-
jects related to the question, including beneficial context in-
formation and visual biases that may mislead the model.
Node A (Audio): Incorporates an object audio encoder to
extract audio features of objects. Given audio clips (a1, a2),
and a question q, this node outputs object-level audio rep-
resentation A: Input: {q, a1, a2} → Output: {A}, where A
includes audio features of objects related to the question,

providing crucial auditory clues for accurate material classi-
fication and physical property reasoning.
Link (V,A) → M (Cross-modal Fusion): Combines
video and audio information to generate a better joint au-
diovisual representation M.
Node M (Cross-modal Representation): Contains a cross-
modal fusion module for generating an audiovisual repre-
sentation of each object M: Input: {V,A} → Output: {M},
embedding more robust and comprehensive information
than single-modal representations.
Link {V,A,M} → Y (Classifier): Formalized as:
Input: {V } → Output: {Yv}, Input: {M} → Output: {Ym},
where Yv and Ym correspond to classification scores asso-
ciated with the visual representation V and the multimodal
representation M, respectively.
Node Y (Final Classification Result): Combines all scores
{Yv, Ym} through a fusion function h, yielding the final pre-
diction score Yv,m: Input: {Yv, Ym} → Output: {Yv,m}.
Three fusion functions were explored, including Naive Sum,
Log-sigmoid Sum, and Harmonic Mean, to investigate their
impact on prediction performance.

CF-PACR Framework
CF-PACR is designed to reduce visual bias in physical au-
diovisual commonsense reasoning tasks through counterfac-
tual debiasing. This framework mitigates adverse impacts by
blocking the direct pathway from visual object combinations
to model predictions (V → Y ), which reflects the detrimen-
tal influence stemming from spurious correlations within the
visual modality. We formalize this process by introducing a
visual model Ev , and an audiovisual model Em, as follows:

{Yv, fv} = Ev(q, v), {Ym} = Em(q, v, a), (1)
where q, v = {v1, v2}, and a = {a1, a2} denote a question,
a pair of videos, and a pair of audios input to the model, re-
spectively. As illustrated in Fig. 3b, the final score is derived
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Figure 3: Illustration of traditional PACS models and the counterfactual debiasing inference of our CF-PACR framework.

by aggregating the two activation paths directly connected
to Y through a fusion function h:

Yv,m = h(Yv, Ym). (2)
The non-treatment condition is represented by superscript ∗.
For instance, giving the observed videos is denoted as V =
v, and not offering the video is denoted as V = v∗ = ∅. To
accurately capture the spurious correlation between the vi-
sual modality and model predictions, we focus on the causal
effect of the direct path V → Y while blocking other path-
way activations. Given the challenge of inputting null val-
ues into neural networks, we introduce a learnable vector d
to represent model output under the no-treatment condition.
Our framework can be further refined as:

Yv =

{
yv = Ev(q, v) if V = v,

y∗v = c if V = v∗,
(3)

Ym =

{
ym = Em(q, v, a) if V = v and A = a,

y∗m = d if V = v∗ or A = a∗.
(4)

The total effect (TE) reflects the combined impact of the vi-
sual object V = v and auditory information A = a on the
classification result Y , decomposable into the sum of direct
and indirect effects:

TE = Yv,m − Yv∗,m∗ , (5)
where Yv,m is the observed outcome based on V = v and
A = a, and Yv∗,m∗ represents the potential outcome under
the non-treatment condition. The proposed CF-PACR frame-
work aims to block the direct effect V → Y while preserv-
ing the indirect effect V → M → Y . The natural direct
effect (NDE) encapsulates the direct impact of visual infor-
mation, calculated as:

NDE = Yv,m∗ − Yv∗,m∗ . (6)
By subtracting the NDE from the TE (see Fig. 3b), we elim-
inate visual bias to obtain a more rational and accurate clas-
sification outcome, namely the total indirect effect (TIE):

TIE = TE −NDE = Yv,m − Yv,m∗ . (7)
In practice, the hyperparameter τ regulates the proportion of
the NDE removed from the TE, thus controlling the compu-
tation of the indirect effect:

TIE = Yv,m − τ · Yv,m∗ . (8)
We select the classification result that maximizes TIE, unlike
traditional posterior probability-based methods.

Implementation of CF-PACR
We implement the CF-PACR framework based on the causal
graph depicted in Fig. 2.

Model Architecture The CF-PACR pipeline, depicted in
Fig. 3, begins with computing Yv and Ym using a visual
model Ev and an audiovisual model Em, respectively, as de-
fined in Eq. 1. For late fusion (Eq. 2), we evaluate three func-
tions h: 1) Naive Sum: Yv,m = Yv+Ym 2) Log-sigmoid Sum:
Yv,m = log (σ (Yv + Ym)) 3) Harmonic Mean: Yv,m =

log σ(Yv)·σ(Ym)
1+σ(Yv)·σ(Ym) , where σ(·) is the sigmoid function, and

Yv , Ym are predicted probabilities from distinct PACS mod-
els. The visual model Ev processes queries by filtering rel-
evant objects and extracting visual features. For example,
in PACS-QA, CLIP’s image and text encoders generate em-
beddings for keyframes and questions. Then we leverage the
similarity between image and question embeddings to de-
termine the probability of each object being the correct an-
swer. The audiovisual model Em supports multimodal in-
puts (video, audio, text) using frameworks like AudioCLIP,
MERLOT, or MERLOT Reserve. The fused probabilities
Yv,m are re-normalized to sum to 1.

Training To train CF-PACR, we adopt the cross-entropy
(CE) loss for Yt,m and Yt,m∗ as follows:

LCE = α ∗ CE(Yv,m, y) + β ∗ CE(Yv,m∗ , y), (9)

where α and β are the weights balancing the two loss func-
tions, and y denotes the label for the PACS tasks. For in-
stance, in PACS-Material, y ∈ RC, where C represents the
categories of materials, while in PACS-QA, y ∈ {0, 1}
indicating which object is the correct answer. Note that,
apart from optimizing TE using Yv,m, we introduce CE loss
to encourage counterfactual NDE predictions Yv,m∗ , where
Yv,m∗ = h(Yv, Ym∗), and Ym∗ represents the potential out-
comes of the audiovisual multimodal model without video
or audio inputs. Theoretically, we should utilize randomly
initialized vectors or all-zero vectors to represent v∗ and a∗,
then input them into the audiovisual multimodal model Em

to obtain m∗. As only v∗ and a∗ affect the prediction of Ym∗ ,
and Ym∗ is unaffected by other features, we directly utilize
a randomly initialized vector d to represent the final result
Ym∗ , i.e., Ym∗ = d. Note that the dummy vector d is train-
able during training, and all samples share it.
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Inappropriate Ym∗ may cause discrepancies in the scales
of TE and NDE, thus TIE will be dominated by one of
them (Sun et al. 2022; Niu et al. 2021). Hence, we utilize
the Kullback-Leibler (KL) divergence to minimize the dif-
ference between Yv,m∗ and Yv,m to estimate Ym∗ :

LKL = KL(Yv,m∗ , Yv,m). (10)

In summary, the final training loss is given by:

L =
∑

(qi,vi,ai,yi)∈D

LCE + γ ∗ LKL, (11)

where γ is the hyperparameter controlling the effect of LKL.
We optimize CF-PACR end-to-end.

Inference To perform inference using TIE, the final pre-
diction of CF-PACR can be obtained as follows:

TIE = Yv,m − τ ∗ Yv,m∗ = h(Yv, Ym)− τ ∗ h(Yv, Ym∗),

where τ controls the extent of subtracting the shortcut be-
tween the visual modality and model predictions.

Experiment
Dataset and Metric
Each datapoint in the PACS benchmark is represented as
a quadruplet ⟨o1, o2, q, ℓ⟩, consisting of a pair of objects,
a question, and its associated label. The dataset comprises
1,377 unique questions, each reused across different object
pairs, averaging 5.86 questions per object pair. PACS en-
compasses a total of 1,526 objects, each represented by a
unique video segment v, along with an audio a and a bound-
ing box b of the object in the middlemost frame of v. The av-
erage length of each video is 7.6 seconds. PACS dataset cov-
ers two tasks: a binary question answering task (i.e. PACS-
QA) and an object material classification task (i.e. PACS-
Material1), the latter containing 18 different material types
such as wood, plastic, and metal. The training, validation,
and test sets for PACS-QA consist of 11,044, 1,192, and
1,164 samples respectively. For PACS-Material, the training,
validation, and test sets comprise 3,460, 444, and 445 sam-
ples respectively. Accuracy serves as the evaluation metric.

Baseline Models and Bias Detection
We employ pretrained models for processing image, audio,
video, and text, constructing five different fusion models.
Specifically, we adopt the Vision Transformer (ViT) (Doso-
vitskiy et al. 2021) as the image encoder, the Audio Spectro-
gram Transformer (AST) (Gong, Chung, and Glass 2021)
as the audio encoder, the Temporal Difference Network
(TDN) (Wang et al. 2021) as the video encoder, and
DeBERTa-V3 (He et al. 2021) as the text encoder. To de-
tect visual biases, we consider a simple late fusion base-
line. This baseline concatenates single-modal embeddings
obtained from image, video, and audio encoders to form

1Note that our PACS-Material is different from the PACS-
material task in the original PACS (Yu et al. 2022), which is a
binary classification problem designed to identify which object is
more likely to be the specified material in the question.

multimodal embeddings of objects. Then, it concatenates the
multimodal embeddings of two objects with question em-
beddings, utilizing an MLP to generate two question-object
embeddings e

(1)
qo and e

(2)
qo . Finally, it concatenates the two

question-object embeddings and employs an MLP to gener-
ate multi-class or binary classification outputs. We focus on
three types of biases:

Q1: Answer Selection Bias. Is there a systemic bias in
answer selection, meaning providing correct answers with-
out seeing the questions?

Q2: Unimodal Question Answerability. Is information
from a single modality sufficient to correctly answer ques-
tions?

Q3: Visual Bias. Does the imbalance in visual object
combinations in the training set affect model predictions?

In particular, we design the following experiments:

• I+A+V: Assessing the predictability of tasks considering
only object information (without providing questions) to
examine patterns between objects and correct answers.

• Q+I: Evaluating the impact of images on predictions.

• Q+V: Evaluating the impact of videos on predictions.

• Q+A: Evaluating the impact of audios on predictions.

• Late Fusion (Q+I+V+A): Assessing the impact of mul-
timodal composition on model predictions.

• Late Fusion ‡: Rebalancing the distribution of visual ob-
ject combinations in the original training set by recom-
bining object pairs and questions while keeping the test
set unchanged, and using this to examine the influence of
visual bias on model predictions.

Then, we apply CF-PACR to two traditional PACR base-
lines, namely AudioCLIP and MERLOT Reserve, to val-
idate the effectiveness and generalization of the proposed
CF-PACR. AudioCLIP extends CLIP to the audio modality
by introducing an audio head, embedding audio inputs into
the same vector space. MERLOT Reserve extends MER-
LOT by incorporating audio into pretraining, aimed at learn-
ing to match contextualized captions with video frames.
Implementation Details All hyperparameters for the com-
parison algorithms were optimized via grid search on
the PACS validation set to maximize prediction perfor-
mance. For the CF-PACR framework, hyperparameters α,
β, γ, and τ were tuned within [0, 1] at 0.1 intervals.
The CF-PACR framework, being model-agnostic, was in-
tegrated with different visual and audio-visual models to
create three variants: (1) Late Fusion+CF-PACR, com-
bining Q+I+V (visual) and Q+I+A+V (audio-visual); (2)
AudioCLIP+CF-PACR, using CLIP (visual) and Audio-
CLIP (audio-visual); and (3) MER-Res+CF-PACR, em-
ploying MERLOT (visual) and MERLOT Reserve (audio-
visual). All variants were trained on four NVIDIA Tesla
V100 GPUs with a batch size of 16, 30 epochs, a weight de-
cay of 1e−4, and an initial learning rate of 1e−3. Each video
was sampled with 8 frames, including the middle frame an-
notated with object bounding boxes.
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Baseline Model
Accuracy (%)

PACS-QA PACS-Material

Detecting Bias

I+V+A 51.9±1.1 58.5±1.1

Q+I 51.2±0.8 57.4±1.2

Q+V 51.5±0.9 58.0±1.0

Q+A 50.9±0.6 56.7±1.1

Late Fusion 55.0±1.1 60.4±1.2

Late Fusion‡ 59.3±0.9 65.9±1.3

Late Fusion + CF-PACR 57.8±0.9 63.8±1.3

CLIP (Radford et al. 2021) 56.3±0.7 63.3±0.9

UNITER (L) (Chen et al. 2020) 60.6±2.2 67.2±1.5

MERLOT (Zellers et al. 2021) 61.4±1.6 68.4±1.2

AudioCLIP (Guzhov et al. 2020) 60.0±0.9 66.2±1.0

AudioCLIP (Guzhov et al. 2020)
+ CF-PACR

63.6±0.8 69.4±0.9

MER-Res (B) (Zellers et al. 2022) 66.5±1.4 72.2±1.2

MER-Res (B) (Zellers et al. 2022)
+ CF-PACR

68.7±0.8 74.7±0.9

MER-Res (L) (Zellers et al. 2022) 70.1±0.7 74.2±0.9

MER-Res (L) (Zellers et al. 2022)
+ CF-PACR

72.8±1.1 76.5±1.0

Table 1: Performance comparison of different baselines.

Model Variants
Accuracy (%)

PACS-QA PACS-Material

Visual Model (Radford et al. 2021) 56.3±0.7 63.3±0.9

Audiovisual Model (Guzhov et al. 2020) 60.0±0.9 66.2±1.0

CF-PACR (SUM) w/o CF 60.7±0.8 66.6±1.1

CF-PACR (HM) w/o CF 60.9±0.7 66.8±0.9

CF-PACR (LogSUM) w/o CF 61.4±1.1 67.1±1.0

CF-PACR (SUM) 61.9±0.8 67.5±0.9

CF-PACR (HM) 62.8±0.9 68.7±1.1

CF-PACR (LogSUM) 63.6±0.8 69.4±0.9

Table 2: Ablations on the impact of the fusion function h.

Bias Analysis in PACS
Table 1 presents the model performance for bias testing in
PACS. Upon examining the PACS-QA (binary) task, we ob-
serve that the model’s prediction of whether a question is
correct significantly depends on the specific query content.
This can be inferred from the almost random guessing accu-
racy (50%) of the I+A+V model. Conversely, for the PACS-
Material (multiclass) task, the performance of the model is
scarcely affected by query content. However, the introduc-
tion of query content aids the model in learning more rele-
vant and accurate visual features, as evidenced by the per-
formance contrast between the Q+I+A+V and I+A+V mod-
els (60.4% vs. 58.5%). Furthermore, providing only image
(I), video (V), or audio (A) information alongside a question
(Q) does not improve model accuracy. Only when combin-
ing all three modalities do the prediction results significantly
deviate from random guessing, such as 55.0% for PACS-
QA and 60.4% for PACS-Material. Finally, after training
on rebalanced training sets, we can witness a noticeable im-
provement in model performance, with increases of 4.3 per-
centage points for PACS-QA and 4.5 percentage points for

Figure 4: Sensitivity analysis of TIE parameters.

PACS-Material. These results strongly imply the presence of
significant visual biases in the original PACS dataset.

Main Results
Table 1 illustrates the performance comparison between
some baseline models and models integrated with the
CF-PACR framework. Firstly, we observe that models with
audio inputs generally outperform those without audio in-
puts. For instance, in PACS-QA, the accuracy comparison
between the AudioCLIP and CLIP models is 60.0% and
56.3% respectively. Similarly, in PACS-Material, the accu-
racy comparison between MERLOT Reserve (B) and the
MERLOT model is 72.2% and 68.4% respectively. Further-
more, we observe a considerable improvement in the perfor-
mance of baseline models after integrating our counterfac-
tual debiasing framework. On average, there is an increase of
approximately 2.82 percentage points in PACS-QA and ap-
proximately 2.85 percentage points in PACS-Material. This
indicates that our CF-PACR framework can make minimal
modifications during the testing phase to alleviate visual bias
while retaining valuable cues from visual information. Over-
all, the CF-PACR framework can be seamlessly applied to
existing multimodal PACS models and significantly enhance
their prediction accuracy via counterfactual debiasing.

Ablation Study
Impact of Fusion Functions In CF-PACR, fusion func-
tions play a pivotal role as both factual and counterfactual
outcomes are derived from them. As depicted in Fig. 3, be-
fore counterfactual debiasing, the fusion function is indis-
pensable for merging two prediction scores. Table 2 lists the
results of using three different fusion functions across the
two PACS tasks. Here, our visual model is CLIP, and the au-
diovisual model is AudioCLIP. The results indicate: i) Coun-
terfactual debiasing contributes the most to CF-PACR; ii)
Among the three candidates, CF-PACR shows a preference
for employing the Log-sigmoid Sum fusion function.
Impact of the TIE Parameter The parameter τ signifi-
cantly impacts the computation of TIE, governing the ex-
tent to which NDE is subtracted from the TE (see Eq. 8).
A higher τ implies a lower reliance of the model on visual
information. As τ approaches 0, the TIE of the classifica-
tion result tends toward the total effect, equivalent to the
results obtained from traditional posterior probability-based
inference strategies. As depicted in Fig. 4, as τ gradually
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Figure 5: Demonstration of model predictions of four questions (covering both the PACS-QA and PACS-Material tasks) derived
from AudioCLIP and CF-PACR (with CLIP as the visual model and AudioCLIP as the audiovisual model) respectively.

Figure 6: The top-10 visual object combinations with in-
creased accuracy and top-5 visual object combinations with
decreased accuracy before and after applying CF-PACR.

increases from 0.1 to 1, the model’s performance shows a
trend of initially rising and then declining. Specifically, we
opted for the Log-sigmoid Sum fusion function and set τ
to 0.6. An appropriate τ value enables CF-PACR to mitigate
the bad effects of visual bias in predictions while simultane-
ously leveraging useful cues from visual information.
Category Analysis Fig. 6 illustrates the accuracy improve-
ments of various visual object combinations in both PACS-
QA and PACS-Material tasks before and after applying
CF-PACR to AudioCLIP. Notably, visual object combi-
nations that have few training samples and those closely re-
lated to visual information, such as [ceramic+wood] and
[ceramic+foam], benefit significantly from our counter-
factual debiasing. Additionally, we observe a slight decline
in accuracy for some visually dominant object combina-
tions, which may be attributed to CF-PACR eliminating ex-
cessive visual cues when computing TIE.

Case Study
Fig. 5 compares the performance of AudioCLIP and
CF-PACR (CLIP for vision, AudioCLIP for audio-visual
tasks) on PACS-QA and PACS-Material tasks. In Case 1
(c.f. left pane), AudioCLIP misclassifies Object2 as wood
and incorrectly predicts Object1 as more fragile. While
both visual and audiovisual models of CF-PACR initially fa-
vor the wood class for Object2, counterfactual debiasing
through TIE computation enables correct ceramic classifi-
cation. Fig. 5 (the middlemost column) reveals a training set
bias, with [foam+wood] occurring 21 times versus only 5
instances of [foam+ceramic]. This imbalance leads tradi-
tional models to learn spurious correlations, causing classifi-
cation errors. CF-PACR addresses this by employing coun-
terfactual debiasing to eliminate biased priors, enabling ac-
curate predictions without relying on shortcut correlations.
Case 2 (right pane) demonstrates similar improvements.

Conclusion
This study identifies the spurious correlation between vi-
sual object compositions and model predictions in the PACS
tasks, severely impeding the model’s physical commonsense
reasoning capability. To address this, we propose a novel
model-agnostic counterfactual debiasing inference frame-
work to alleviate the model’s reliance on visual spurious
correlations. Combining factual learning and counterfactual
reasoning, we can capture the natural direct effect of pure vi-
sual object compositions on classification scores, and elimi-
nate the biased direct effects from the total effect by comput-
ing the total indirect effect. We demonstrate the effectiveness
of CF-PACR by integrating it with multiple baselines on the
PACS tasks, validating its superiority and generalizability.
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