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Abstract

Physical commonsense reasoning is essential for building re-
liable and interpretable Al systems, which involves a general
understanding of the physical properties and affordances of
everyday objects, how these objects can be manipulated, and
how they interact with others. It is fundamentally a multi-
sensory task, as physical properties are manifested through
multiple modalities, including vision and acoustics. In this
work, we present a unified framework, named Multimodal
Commonsense Transformer (MCOMET ), for physical au-
diovisual commonsense reasoning. MCOMET has two in-
triguing properties: i) it fully mines higher-ordered tempo-
ral relationships across modalities (e.g., pairs, triplets, and
quadruplets); and ii) it restricts the cross-modal flow through
the feature collection and propagation mechanism with tight
fusion bottlenecks, forcing the model to attend the most rele-
vant parts in each modality and suppressing the dissemination
of noisy information. We evaluate our model on a very recent
public benchmark, PACS. Results show that MCo
nificantly outperforms a variety of strong baselineg

of everyday life, whether to i
unseen objects or to solve un
use salt or chocolate to gl

gical commonsense knowl-
(Yu et"al. 2022), such as their
physical properties, affordces, how they are manipulated,
and how they interact with of®er physical objects (Bisk et al.
2020; Forbes, Holtzman, and Choi 2019). The common un-
derstanding of object interactions plays an essential role in
the cognitive abilities of robots (Zhao, Papalexakis, and Ma
2020a) (e.g., when I apply eyeshadow without a brush, a
robot should give me a cotton swab rather than a toothpick).

Previous works have pioneered the exploration of vi-
sion and text to understand fundamental physical proper-
ties (Hessel, Mimno, and Lee 2018; Krishna et al. 2017,
Storks et al. 2021; Yatskar et al. 2017; Zhao, Papalexakis,
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Figure 1: Illustration of two datapoints from PACS, with
each datapoint containing a question and a pair of objects.
Here objectl is a ceramic tile and object?2 is foam.

and Ma 2020b). However, physical commonsense reasoning
is naturally a multi-modal task because physical properties
are manifested through multiple modalities, including vision
and acoustics. If an object is visually ambiguous or rarely
seen, audio can provide key information to identify its phys-
ical properties. As shown in Fig. 1, if only video without an
audio track, object1 could be mistaken for plastic or even
paper, and ob ject2 could be mistaken for rubber or wax.
For Q1 in Fig. 1, the absence of the necessary audio may eas-
ily lead to a wrong answer, e.g., object2 is more likely to
break into pieces than object1l if dropped from a height.
Therefore, to empower Al with commonsense physical rea-
soning capabilities, models must learn to reason across both
audio and visual modalities.

In this work, we focus on physical commonsense rea-
soning under multimodal (audiovisual) settings. The addi-
tional acoustic information poses a great challenge to phys-
ical commonsense reasoning compared to tasks that focus
solely on the visual or textual modality. On the one hand,
we conjecture that the time-locked correlation allows au-
dio to enrich the complementary visual information. On
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the other hand, we are faced with: i) intrinsic differences 2020; Forbes and Choi 2017; Storks et al. 2021; Zhao, Pa-

between different modalities; ii) different noise topologies, palexakis, and Ma 2020b). Specifically, (Forbes and Choi
where some modality streams contain more task-specific in- 2017) learned the physical attribute values for new words
formation than others (Nagrani et al. 2021). For example, as using dependency-based contextual information built on
typical natural signals, both visual and audio features have Wikipedia Corpus. (Forbes, Holtzman, and Choi 2019) in-
heavy spatial-temporal redundancy and noisy information vestigated the extent to which neural language representa-
that is useless for other modalities; and iii) high computa- tions (e.g., ELMo (Peters et al. 2018) and BERT (Kenton
tional complexity in integrating cross-modal information. and Toutanova 2019)) can recover various facets of physi-
To alleviate the above issues, we first use two separate cal commonsense knowledge. (Bisk et al. 2020) developed a
uni-modal encoders to capture the intra-modality correla- physical interaction question answering benchmark, named
tions. Then, we utilize a multimodal encoder to capture PIQA, for advancing physical commonsense understanding
the inter-modality relationship across modalities. The uni- in natural language models.
modal encoder architecture is flexible enough to extract uni- MultiModal Fusion Multimodal fusion can be categorized
modal patterns and can be aware of the distinctions in learn- into early fusion, late fusion and mid fusion (Baltrugaitis,
ing dynamics of each modality. Second, we propose to repre- Ahuja, and Morency 2018). Early fusion integrates features
sent the video/audio as ordered tuples of varying frame num- immediately after they are extracted (often achieved by sim-
bers, which allows the matching of sub-sequences for object ply concatenating their reg ions). Late fusion instead

interactions at various speeds and temporal offsets. We con-
sider the temporal relation of multiple frames sampled from
a video or audio, as interactions (with objects) are typically

W modalities has made a
cikion) via various fusion

shifting in appearance and are poorly represented by a sin- (Mei, Bansal, and Walter
gle frame. The proposed temporal-relational module can ef- . this work, we highlight the
fectively mitigate the temporal redundancy problem in both i i nformation exchange in Trans-
visual and audio streams (Yu et al. 2022). Third, inspired ; 21). The cross-attention provides

by (Nagrani et al. 2021), we restrict the flow of cross-modal i hanism to capture the correlations and in-
information by introducing the feature collection and prop-
agation mechanism with the tight fusion bottlenecks, dra-
matically reducing computational cost in computing audio-
visual fusion. Such a paradigm imposes the model to collect
and compress the most relevant parts across modalities a
broadcast only the condensed features to each modality.
In summary, our main contributions are listed as fgllows:
i) We propose a novel Multimodal Commonseg
former (MCOMET ) for physical aud10v1sua1
reasoning. Our model can capture intra- an
relationships as well as high-ordered te
via two uni-modal encoders and a cro, g
sults show that MCOMET outpe . MCOMET

general, the input (tokens) to transformers is the
pretrained feature extractors, such as convolu-
1 networks (Akbari et al. 2021). Then different
fusion strategies can be applied to the transform-
or example, Perceiver (Jaegle et al. 2021) introduces
an 1terative attention for early fusion by directly taking con-
catenated raw multimodal signals as inputs. In particular,
MBT (Nagrani et al. 2021) proposes to restrict cross-modal
attention flow between tokens within a layer via the bottle-
neck mid fusion.

Notations and Definitions

Given a question q and objects 01, 02, the goal of our model
is to select the more appropriate object to answer the ques-
tion. Each object is represented by a video clip v depicting
human interaction with the object, the corresponding audio
a, and a bounding-box b of the object drawn on the middle-

relational module (TR
necks. The TRM cop
tuples of frames, end

various speeds and temp’ g shlfts And they work together

to reduce the spatial-temp8@al redundancy and noise infor- most frame of the video. Formally, each datapoint we used
mation in both visual and aullio features. iif) Experimental is a quadruplet of (g, (b1, v1,a1), (b2, v2,az),l), denoting
results on the benchmark have demonstrated the superiority the question, two objects, and a binary label of the answer.
of the proposed method. Abundant ablation studies are also
conducted to validate the key ingredients of MCOMET . Model Overview
Fig. 2 presents the overall architecture of our framework,

Related Work which is built upon transformer encoder-decoder and con-
Physical Commonsense Reasoning Natural language sists of five core components, i.e., temporal-relational mod-
communication often requires reasoning about an object’s ule, uni-modal encoder, cross-modal encoder, query genera-
affordances (i.e., what actions are applicable to the object) tor and query decoder. To begin with, we use three different
from its properties (e.g., whether an object is breakable, pretrained feature extractors (E,, Eq, and E¢, see Sec. for
metal or wood). As a result, most of the previous work details) equipped with the temporal-relational modules, to
has concentrated on the physical commonsense within the extract visual, audio, and textual features, respectively. Each
text modality (Forbes, Holtzman, and Choi 2019; Bisk et al. datapoint can thereby be represented by three sets of feature

6622



Object1 (Ceramic)

1
1
Ny !
{oititn i
—-) — .
. — Uni-modal Ny 1
Object2 (Foam d)e
ject2 [Foamm) E——_) Encoder {diky l
=~ O :
. Cross modal Query i
|
Video {aitits Encoder Decoder A
e S G I B G \ o
e B e | l‘(’l’l 111
udio comiaiile — T T Encoder !
Ny I
{rl {ra} ) | “‘]ﬂ 1]
Which of these —" !
objects is easier ! q\w wq iu\\q r.\]
for a personto —] E; !
break into pieces? i
Question — O '

vectors, namely the visual features {vi}?':"l, audio features
{a;}Ne,, and textual features {t;}"* . The visual and audio
features are sent into separate uni-modal encoders to be con-
textualized under global receptive field, then be integrated
by the cross-modal encoder for joint audiovisual representa-

. N . . .

tions {r; },%,. These joint representations, together with tex-
L . N

tual features, are used to generate clip-wise queries {¢; },*;,

which can be used to retrieve the most relevant parts from
joint representations in the query decoder. After obtainifg

query-guided multimodal features {di}?'z”l, we adopt a se
quence pooling and an MLP for prediction.

Temporal Relational Module
The temporal relational module (TR
MCOMET , which allows the tuple
temporally-ordered sub-sequence of f

ious speeds and locations, an
gle frame, e.g., moving a glass

Vp = [®(vp,) + PE(p1), ®(vp,) + PE(p2)] € R**4 | (1)

where ® : RH*Wx3 5 R? is a convolutional network to
obtain a d-dimensional embedding of an input frame, and
PE(+) is a positional encoding given a frame index (Vaswani
et al. 2017). We define the set of all possible pairs as

HZ{(?’Lhng)ENQI].STLl<77,2§F)}. 2)

We then extend the pair of frames to a sub-sequence of or-
dered frames of any length. Denote by « the length, or car-
dinality, of a tuple, e.g., kK =2 for a pair, kK = 3 for a triplet.
All possible tuples for any « are given by

I = {(n, ) € N* 2 Vi(1 <y <miy S F)Y (3)

Attention Bottleneck Fusion \\\

{U7} =1 {a,}')zl

Figure 3: Schematic illustrations of the vanilla cross-
attention (CrossAtt) fusion and our attention bottleneck
fusion. The bottleneck tokens are designed for guiding the
feature collection and propagation across modalities, greatly
reducing computational cost compared to CrossAtt.

The associated video representation with respect to the tuple
with indices p = (p1,...,px) € II%, generalizing the pair
representation in Eq. 1, now becomes

€ R4,

“4)
Let C denote the set of cardinalities. As an example shown
in Fig. 2, pairs, triplets and quadruplets of frames are de-
noted by C = {2, 3,4}. This is accomplished similarly for
the audio input. Note that, as the video frames are spaced
so closely together in PACS, we take the surrounding 1.6
seconds of audio surrounding each video frame as an audio
Jframe following (Yu et al. 2022).

V) = [(I)(vpl) + PE(pl), (a3

P ®(vp,.) + PE(py)]
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Uni-modal Encoder

Understanding the physical properties and affordances of an
object through a video requires an overall view of the global
context (Zellers et al. 2022b). Therefore, to augment the fea-
tures with a global context within each modality, we adopt
a uni-modal encoder to mine the intra-modality correlations
for video and audio. We stack several standard transformer
encoder layers (Vaswani et al. 2017), each consisting of a
multi-head self-attention block and a feed-forward network
(FFEN). In each attention head, self-attention for either of the
visual or audio modality = € {v, a} can be computed as

(wqi) (wiz;) "

Vd

where x; and 2 are the input and output features of a video
or audio clip ¢, followed by a two-layer FFN for feature
transformation and non-linearity. d is the feature dimension,
and wyg 1 v, -} are learnable parameters for the query, key,
value, and output matrices, respectively.

T, =z +w, Z Softmax(

j=1

®

Jwy T,

Cross-modal Encoder

Previous studies (Zellers et al. 2022a; Nagrani et al. 2021)
have pointed out that exploiting complementarity and re-
dundancy across modalities helps to achieve a more general
representation. Hence, we employ a cross-modal encoder to
jointly capture the inter-modality correlations. Consider that
as typical natural signals, visual and audio features have
heavy spatial-temporal redundancy and noisy information
that is useless for another modality. Besides, cross-mo
attention is computationally prohibitive, e.g., vanilla cros
attention (Badamdorj et al. 2021) with quadratic co

introduce bottleneck
modality correlationg
er than the number of
video clips N, in order tSondense the most relevant parts
across all modalities. The {c®ure collection is achieved by
several multi-head attentions between bottleneck tokens and
the features from different modalities. Formally, we have

(wqzi) (wra;) T

Vd

where z; and z] are input and output features of bottleneck
tokens. Other notations are consistent with Eq. 5. The only
difference between Eq. 5 and Eq. 6 lies in the query matrix
zi, aiming to aggregate features into bottleneck tokens. This
feature collection operates on both visual and audio features
so that multi-modal information is refined and condensed
into bottleneck tokens.

2=z +w, Z Softmax(

j=1

(6)

YW,
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Feature Propagation After collecting and condensing the
multi-modal information, we propagate the condensed fea-
tures into each modality using another multi-head attention
by:

(wqi) (wrz;) "

Vd

where z; denotes the cross-modality enhanced features of a
video or audio clip 7. These features are then fed into FFNs
for further transformation. Notice that in the first step we
have obtained the refined features, our model only propa-
gates information that is useful for the other modality in the
second step, eliminating the diffusion of noisy information.

T =z + w, Z Softmax(
j=1

)

)wvzj’

Query Generator

In line with (Carion et al.
gue that query embeddj

eng et al. 2021), we ar-
aturally guide the rep-
e design a query gen-

Ng

ifi=1

serve as query, and tex-

between video clips and text queries, each clip
ether it contains the physical properties of ob-

ry Decoder and Prediction Heads

Query decoder takes the joint audio-visual representations
{ri}'i\':ql and text-guided query embeddings {qi}'l-\lqu as in-
puts, and decodes the joint multi-modal features to choose
the most sensible answer. The output sequence of the query
decoder has the same length as the encoder input. We adopt
the sequence pooling (Hassani et al. 2021) to gather the out-
puts of the query decoder, followed by an MLP to predict the
answer. During training, we apply the binary cross-entropy
loss for optimization.

Experiments
Datasets and Evaluation Metric

We follow the well-established settings for physical com-
monsense reasoning (Yu et al. 2022). Concretely, we use the
PACS dataset and benchmark MCOMET on two tasks, in-
cluding a commonly-used proxy question-answer (QA) task
and a PACS-material classification task. Errors in QA tasks
can be attributed to two main factors, i.e., either misidentify-
ing an object’s properties or correctly identifying an object
but failing to reason about its properties. Material classifica-
tion aims to distinguish the physical properties of a pair of
objects by a comparison question, e.g., which object is more
likely to be made out of glass? Results of the material clas-
sification offer us an estimate of how many errors arise from
the misidentified objects and how many from the failure of
higher-order reasoning. Accuracy is adopted as the metric.



PACS (Yu et al. 2022) conceptualizes the datapoints. Each
datapoint is a quadruplet (01, 02, g, 1), denoting the rwo ob-
Jjects, the question and the answer. PACS contains a total of
1,377 unique questions, each used multiple times in differ-
ent pairs of objects, with an average of 5.86 questions per
pair. PACS comprises a total of 1,526 objects, each repre-
sented by a unique video segment, with included audio and
a bounding box in the middlemost frame of the video. Each
video has an average length of 7.6 seconds. For material
classification, we used the exact same object pairs as in the
QA task, and accompany each pair with comparison ques-
tions based on each object’s material. Train/val/test
splits consist of 3,460/444/445 datapoints, respectively.
Human Performance. A random sampling set of 243 dat-
apoints from the PACS (Yu et al. 2022) is given to 10 new
annotators to answer. Each datapoint is annotated as five an-
swers with audio and five answers without audio. Human
accuracy is calculated as a majority vote (Bisk et al. 2020;
Zellers et al. 2019) of the five datapoints and a 90% confi-
dence interval is reported for the results.

Implementation Details

General Pipeline Given a datapoint d = (01,09, 4,1),
where each object is represented by 0, = (in,an,vy),
which are the image (containing a drawn-on bounding-box),
audio, and video inputs. We first extract unimodal embed-
dings for both objects (e;, eq,€,) as well as the text em-
beddings of question e,. Specifically, we adopted a Vi-
sion Transformer (ViT) (Dosovitskiy et al. 2021) as the im-
age encoder, Audio Spectogram Transformer (AST) (Go
Chung, and Glass 2021) as the audio encoder, Temporal Di
ference Network (TDN) (Wang et al. 2021) as the video en-
coder, and DeBERTaV3 (He, Gao, and Chen 20 H .
2020) as the question encoder. (e;, €4, €,,) are eglife

and sent into MLP to generate an objec

geNet (Deng et al. 2§§9), AudioSet (Gemmeke et al.
2017), and Something-S&ething V2 (Goyal et al. 2017),
respectively. We also use the pretrained DeBERTa (He
et al. 2020)!, outperforming the BERT (Kenton and
Toutanova 2019) via disentangled attention and enhanced
mask decoder. The way to fuse unimodal embeddings is
the same as the general pipeline.
¢ CLIP (Radford et al. 2021) is a joint image-text model
trained on million-scale image-text pairs via contrastive
learning, which exhibits strong zero-shot learning ability.
CLIP resorts to an image encoder and a text encoder to
encode image and text respectively, where the similarity

'"The models and checkpoints are available at
https://huggingface.co/models?other=deberta-v3
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between image and text embeddings is measured by the
cosine similarity: sim(a, b) = a'b/||a||||b]|. Similar to
CLIP, we separately embed images of both objects, and
the question. We learn to maximize the cosine similar-
ity between matched images and question embeddings,
while minimizing the unmatched ones.

* AudioCLIP (Guzhov et al. 2020) extends CLIP for au-
dio modality by introducing an audio head, which en-
ables the embedding of audio inputs into the same vec-
tor space. Analogous to AudioCLIP, we extend the CLIP
model mentioned above by including audio. We concate-
nate image and audio embeddings for both objects and
use a linear layer to project them onto the same vector
space as the question embedding. We predict the object
that has an embedding closer to the question embedding.

* UNITER (Chen et al. 2020) is a large-scale pretrained
model for joint image-, gdding. It first embeds im-
age regions (visual {atures an§@bounding box features)

e four pre-training tasks. We
e NLVR2 dataset (Suhr et al.
objects and generate two object-

ith their corresponding video frames. Beyond
coltrastive frame-transcript matching, it also includes a
poral reordering loss, i.e., judging the order between
two video frames. MERLOT RESERVE (Zellers et al.
2022a) extends MERLOT by including audio. We fine-
tuned Merlot RESERVE on VCR (Zellers et al. 2019)
and TVQA (Lei et al. 2018) by constructing two multi-
modal sequences using all input modalities. Like PACS,
we also train MERLOT RESERVE w/ and w/o audio.

Comparison with State-of-the-Art Methods

PACS QA Table 1 shows the results of MCOMET and its
comparison approaches on PACS QA task. It can be seen
that MCOMET consistently outperforms existing methods
across various setups. With multiple runs over all compared
models to reduce randomness, MCOMET achieves the best
average performance across all setups, with a large margin
of + 13.7% accuracy compared with the second-best method,
namely Merlot Reserve. The strong performance demon-
strates the superiority and robustness of the proposed model.
PACS Material Table 1 also lists the results on the PACS-
material classification. It can be seen that, MCOMET still
outperforms all existing methods under all setups by even
larger margins than that on PACS QA, as PACS-material
classification is much easier than PACS QA. This can be po-
tentially attributed to the effective exploitation of the tem-
poral information and interactions both in intro-modality
and inter-modality. Considering the only difference between
PACS-material and PACS-QA lies in the content of the ques-
tions, we believe that the performance gap is due to the dif-



. PACS-QA Acc. (%) PACS-Material Acc. (%)

Baseline Model w/o audio w/audio A \ w/o audio  w/ audio A

I[+A+V (Yang et al. 2020; Lei et al. 2018) - 519411 - - 519411 -

Q+I (Zadeh et al. 2019; Lei et al. 2018) 512408 - - 512408 - -

Q+A (Zadeh et al. 2019; Lei et al. 2018) - 509406 - - 50.94+0.6 -

Q+V (Zadeh et al. 2019; Lei et al. 2018) 51.540.9 - - 51.5409 - -
Late Fusion (Pandeya and Lee 2021) 525416 550411 257 | 638413 674,115 3.61

CLIP (Radford et al. 2021) 56.340.7 - -

AudioCLIP (Guzhov et al. 2020) - 60.040.9 - - 759411 -

UNITER (Large) (Chen et al. 2020) 60.649 .9 - - 724418 - -
MERLOT RESERVE (Base) (Zellers et al. 2022a) | 64.0199 66.5414 2.67 | 77.6403 813117 371
MERLOT RESERVE (Large) (Zellers et al. 2022a) | 684197 70.141¢ 1.81 | 798404 83.6413 3.87
MCOMET (C= {1}) 71.641 1 7591056 4.3T 81.14:¢ 87916 6.8T
MCOMET (C={2,3}) 752409 797111 457 | 8624113 9224174 6.07

Human Performance | 905431 963191

Table 1: Performance comparison on PACS test set: all compared models are reported
5 runs, while human accuracy is reported with a 90% confidence interval. A repres,

with and without audio. * indicates results are not available.

Model A\ A\ A+V  A+V |PACS-QA
C={1} C={2,3} Co-Att Bo-Att| Acc. (%)

v 71.6+1.1

v 75.2+40.9

MCOMET v 78.3+0.7
v 797411

Table 2: Ablation study to evaluate the effectiveness_of ke
design choices in MCOMET, including visual-on ity
and different audio-visual fusion manners.

ficulty of reasoning about physical co
task. The remaining 10%-15% of
Ablation Studies

We conduct comprehghl 3
n 80 1 results are averaged

fectiveness of our des .

over 5 runs on the same val/test split of PACS.

Effect of Fusion Strategy Qe first ablate the fusion strat-
egy, where the CrossAtt (illustrated in Fig. 3) denotes
the unrestricted pairwise attention with all other latent units
from both modalities. In Table 2, we can see that using
temporal-relational representations from ordered tuples of
frames works better than using single-frame representations.
The benefit of including audio is also significant, with an ac-
curacy gain of (at least) +3.1 compared to the visual-only
modality. Moreover, we observe that Bottleneck per-
forms marginally better than the vanilla CrossAtt, reveal-
ing the effectiveness of our attention bottleneck fusion mod-
ule in facilitating multimodal (audio-visual) learning.
Temporal-Relational Module Table 1 reports results using
C =12, 3}, which indicates pair and triplet ordered tuple of

datapoints
in under-
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PACS-QA PACS-QA

Cardhali Num.f Tuples w/o audio  w/audio
- 71.6 75.9
28 74.4 77.9
56 74.9 79.3
70 73.9 79.4
2,3} 84 75.2 79.7
{2,4} 98 73.8 78.8
C={3,4} 126 74.6 79.7
C={2,3,4} 154 74.6 79.4

Table 3: Performance comparison (Accuracy, %) between
different sets of cardinalities. The number of tuples for each
model variant is defined by » 0, . [T1%].

frames shown in Fig. 2. We now evaluate each cardinality
of C € {1,2, 3,4} independently and their combinations in
Table 3. First of all, results show a considerable improve-
ment of (+3.9%) in MCOMET moving from single frame
to pair comparisons. The performance of the audio-visual
modality is further improved for triplets (+1.7%) and is only
marginally improved for quadruplets (+0.1%). Using all car-
dinalities C = {2, 3,4} slightly degrades the performance.
Overall, C={2, 3} performs best and is used by default.

Number of Sampled Frames We study the impact of the
number of sampled audio/video frames on MCOMET . In
PACS, the average length of each video is 7.6 seconds. We
uniformly select a range of [4, 11] video frames to determine
the optimal sampled frames for MCOMET . Correspond-
ingly, the number of sampled audio frames is the same as
the video. Concretely, we take the 1.6 seconds of audio sur-
rounding each video frame. This leads to an overlap of audio
in the input sequence, but this is necessary because 1.6 sec-
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Figure 4: Left: Ablations on sampling different number of
video/audio frames. Right: Comparison of fusion strategies
using the vanilla cross-attention (CA) and the proposed at-
tention bottleneck (AB) on different fusion layers L.

onds is the minimum length allowed for audio clips (Yu et al.
2022). Fig. 4 (right pane) plots the results of MCOMET
with C = {2,3} varying with the number of video/audio
frames. As illustrated, moving frames from 4 to 8 increases
the performance. Frames greater than 8 would not result in
significant gains and even cause a slight performance drop.
In addition, we see that the runtime of our model scales lin-
early with the number of frames. The two separate encoders
equipped with the temporal-relational module account for
approximately 1/3 of the total running time.

Impact of Fusion Strategy Fig. 4 (right pane) unveils
the influence of varying the fusion layer Ly for two fusion
strategies, i.e., vanilla cross-attention (CrossAtt) and at-
tention bottleneck (Bottleneck) fusion. The number
bottleneck tokens is fixed to 4 across all layers. As shown
Fig. 4, Bott leneck consistently outperforms CrossAt
on all layers, achieving the optimal performance 34

modal attention via a small set of bottlenec
ing earlier layers to focus on learning u
while deep layers still capture cross-
is also seen that, for audio-visual m

a better choice. However, layer; ,e.g.,the
last layer, may suffer perfo
inability to interact effectjys features.

[our experiments, brings
marginal computation cofglexity, with inference speed re-
maining largely constant wil¥varying fusion layer L. This
is in contrast to the vanilla cross-attention fusion, which
has a non-negligible computational cost for every layer it
is applied to. We note that for mid fusion with L; = 8,
Bottleneck outperforms CrossAtt by a substantial
margin, with almost half the running time.

Case Study

To gain a better understanding of our model, we analyze
some examples from PACS test set. Generally, when the
physical properties of an object can be directly identified vi-
sually, reasoning can be done using visual modality alone.
As is seen in Fig. 5 Q1, determining which object takes
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Q1: which item is larger,
taking up more space?

Q2: If plunged into a vat of
acid, which object would
be more likely to dissolve?
With Audio: Object1
Without Audio: Object2 X

Q3: If both objects were filled
with pocket change, which
would allow you to take more
friends out to eat with the
money contained therein?
With Audio: Objectl
Without Audio: Objectl

With Audio: Object2
Without Audio: Object2

X
X

d without audio), where
t2isaglasscup.Ina
e mistaken for ceramic,
plastic. In the absence
d to r&Ognize the materials of both
swer to Q2. The failure of Q3

objectl is a metal t
visual-only scenari

ce only requires a general understanding of the
hen models need to deal with visually ambigu-

an object, e.g., in Fig. 5 Q2, the materials of object1
bject2 are key to answering the question. It is hard to
tell by vision whether object2 is made of plastic or glass.
If audio is added, object2 can easily be identified as glass,
which is known to be insoluble in acid. However, despite the
presence of audio, our model may still fail when the problem
itself involves more implicit physical properties or requires
multi-hop reasoning (e.g., see Fig. 5 Q3). This enlightened
us to leverage graph structures (Ding et al. 2019) to design
fine-grained reasoning paths and rules in the future.

Conclusion

This paper presents a unified framework for physical audio-
visual commonsense reasoning, namely MCOMET . It has
two attractive points: i) it fully explores higher-ordered tem-
poral relationships between different modalities (e.g., pairs,
triplets, and quadruplets); and i7) it limits the cross-modal
flow via the feature collection and propagation mechanism
with tight fusion bottlenecks, largely reducing computation
cost and suppressing the noisy information. Experimental
results on the PACS benchmark demonstrate the superiority
and effectiveness of MCOMET . We hope that this work will
shed light on multimodal physical commonsense reasoning.
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