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Figure 5: Different schemes for exploring the relation-
ship between image features. (a) None and (b) Concat
utilize scaled dot-product attention; (c) No-gate directly
concatenates the two relationships. (d) RC (Ours) is our
designed relationship computation (RC) scheme.

There are generally four directions for deeply
exploring the relationship among features in the
image, as shown in Figure 5. (a) None denotes that
model only learns the visual relationship among
region features by using scaled dot-product atten-
tion model (Vaswani et al., 2017). Similarly, (b)
Concat follows the recent methods (Vaswani et al.,
2017; Duan et al., 2017), i.e., region features and
semantic features are directly concatenated, and
then directly fed into scaled dot-product attention
model to learn the visual-semantic relationships.
(¢) No-gate does not use our designed relationship
gate, ignoring the different contributions between
visual relationships and visual-semantic relation-
ships during generating different words. (d) RC
(Ours) is our full competitive RC module, which
fully learns the two types of relationships, and fur-
ther takes into account that different relationships
contribute different during generating words.

We compare the performances of the RC variants
in the four schemes. The results are 36.3%, 37.9%,
38.4% and 38.6% in BLUE4 metric and 120.9%,
122.2%, 128.1% and 128.4% in CIDEr metric for
(a), (b), (c) and (d) schemes, respectively. It in-
dicates that our designed RC scheme outperforms
other learning relationship schemes.

5 Experimental Results

5.1 Comparison with State-of-The-Arts

Note that, for fair comparison, these models (Cor-
nia et al., 2020; Yao et al., 2019) are not included
in the comparison since the former (Cornia et al.,
2020) uses the extra dataset nocaps (Kuznetsova
et al., 2018), and the latter (Yao et al., 2019) uti-

lizes the extra COCO-detect to segment the whole
object.

a. Results on MSCOCO Dataset: The com-
parison results on MSCOCO are shown in the left
part of Table 2. It can be observed that our JRAN
achieves promising results. Compared with the
typical baselines (Li et al., 2018a), our newly pro-
posed JRAN can significantly improve BLEU 4
score from 36.4 to 38.6 (6.04%) and CIDEr score
from 122.2 to 128.4 (5.07%), which is a significant
improvement.

b. Results on Flickr30k Dataset: To further
evaluate the model generalization ability, we con-
duct experiments on small-scale Flickr30k dataset.
As shown in the right part of Table 3, JRAN
achieves the superior performance. This further
demonstrates that our model still maintains good
generalization ability even on small-scale dataset.

5.2 Comparison with Similar Relationship
Based Methods

More importantly, relationship based methods
also explore the visual relationships among im-
age features by using the graph/GCN. For example,
method “KMSL" (Li and Jiang, 2020) explicitly uti-
lizes the semantic relationship triples (scene graph)
as additional inputs to explores the visual relation-
ship. Similarly, “ARL" (Wang et al., 2020) explores
the visual relationship among image regions by
using GNN/GCN. As showed in Table 3, the per-
formance of our JRAN is significantly better than
these relationship based methods across all metrics,
which quantitatively demonstrates the potentials of
our joint relationship attention network.

5.3 Comparison with Transformer Based
Baselines

In particular, to demonstrate that our JRAN can be
integrated into the current mainstream transformer
based baselines to achieve a better performance, we
upgraded our baselines with a plain model “Sim-
plistic Transformer architecture (Sim-Trans)*" as
new baselines. The model doesn’t use transformer
encoder and the projected visual features are di-
rectly processed by the transformer decoder. There-
fore, to see the real performance gain contributed
by our JRAN model, we feed the final attention
context features Cf from the relationship based
attention module into the transformer decoder. In
Table 4, the last few rows show the results of our

Zhttps://github.com/krasserm/fairseq-image-captioning



Methods Mscoco

Flickr30k

B-1 B-2 B-3 B-4 M

R c S | Bl B2 B3 B4 M R c

ALT-ALTM (Ye et al., 2018) 75.1  59.0 457 355 274

SCST (Gao et al., 2019) 779 615 468 350 269
VD-SAN (He et al., 2019) 734 566 428 322 254
Up-Down (Anderson et al., 2018)  79.8 - - 36.3 27.17
GLA (Li et al., 2018a) 725 556 417 312 249
HAN (Wang et al., 2019) 809 646 498 376 278

Trans+KG (Zhang et al., 2021) 76.24 - -
TDA+GLD (Wu et al., 2021a) 788 62.6 48.0 36.1 27.8

559 1107 203 | 685 50.7 37.0 270 212 48.0 56.2
563 1152 2042

652 471 33.6 239 19.9 - -

- 99.9 -
569  120.1 21.4 - - - - - - -
533 964 - 56.8 372 232 146 16.6 419 362
581 121.7 215 - - - - - - -

- 112.60 21.12 | 68.36 - - 26.55 21.71 - 56.62
57.1 1211 21.6 - - - - - - -
579 1215 705 525 376 271 219 494 577

57.1 1222 215 | 692 513 376 277 221 49.6 572

cLSTM-RA (Yang et al., 2020) 81.7 645 494 372 280
Baselines 79.8 63.1 482 364 27.8

JRAN (BS=3) (ours) 80.8 644 49.6 383 284
JRAN (BS=4) (ours) 809 646 49.7 385 285
JRAN (BS=5) (ours) 81.0 647 498 38.6 283

582 1280 218 | 69.9 530 379 279 248 526 579
584 1282 220 | 7L0 53.1 381 281 248 527 380
583 1284 221 | 712 533 383 283 250 529 582

Table 2: Performance of JRAN and related state-of-the-arts on two datesets. “BS" denotes the Beam Search strategy.

Methods B-1 B-2 B3 B4 M R C S

ARL (Wang et al., 2020) 75.9 60.3 46.5 35.8 27.8 56.4 111.3 -
KMSL (Li and Jiang, 2020) 79.2 63.2 48.3 36.3 27.6 56.8 120.2 21.4
JRAN (ours) 81.0 64.7 49.8 38.6 28.3 58.3 1284 22.1

Table 3: Performance comparision of our JRAN with
the similar relationship based methods on MSCOCO.

Methods B-1B2B3B4 M R C S
Transformer (Sharma et al., 2018) 80.2 64.8 50.5 38.6 28.8 58.5 128.3 22.6
VORN (Herdade et al., 2019) 80.5 - - 38.628.758.4 128.3 22.6
LBPF (Qin et al., 2019) 80.5 - - 38.3285584127.622.0
Sim-Trans 79.4 64.5 49.1 38.5 28.0 58.1 125.5 21.7

JRAN-Trans (ours) (BS=3)  81.2 65.3 50.1 39.2 28.9 58.7 129.4 22.6
JRAN-Trans (ours) (BS=4)  81.1 65.2 50.0 39.1 28.8 58.6 129.6 22.5

JRAN-Trans (ours) (BS=5)  80.9 65.0 49.8 39.0 28.5 58.5 129.3 22.2

Table 4: Performance comparisons with transformer
based baseline model on MSCOCO dataset. ‘§’ is the
current mainstream transformer based baseline model.

upgraded model “JRAN-Trans" under different BS.
Since the BLEU4 score of the original baselines
“Sim-Trans " is 38.5, our upgraded transformer vari-
ation based model can effectively boost the score
by 0.7. In addition, the CIDEr score is significantly
increased from 125.5 to 129.6, which is clearly
a meaningful improvement. Moreover, compared
with the other current mainstream methods, our
method still achieves very competitive performance
across most metrics.

5.4 Model Accuracy and Efficiency

We further conduct an experimental computational
cost analysis for comparing our updated model
“JRAN-Trans" with some typical models (i.e., “SC
(base) (Chen et al., 2017)", “Sim-Trans", and “X-
Transformer" (Pan et al., 2020)). Figure 6 presents
the computational cost in terms of the training time
and parameters of the model.

As can be seen from Figure 6, the baseline model
“SC (base)" has the less parameters and training
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m X-Transformer 1 Sim-Trans

(@)

Training time (h) -

reremerer
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JRAN-Trans SC (base)
B X-Transformer ® Sim-Trans
(b)

Figure 6: Illustration of the model computational cost
(a) and model accuracy (b).

time, but the model accuracy is the lowest. One
main reason is that it ignores the potential relation-
ship between features in the image. In addition, the
evaluation metric scores of the transformer based
model “X-Transformer" are relatively high, while
the parameter and training time are also relatively
high.

Compared with the “X-Transformer" model, ob-
viously, our “JRAN-Trans" does not significantly
increase the computational cost of the model while
achieving promising accuracy. This clearly indi-
cates that our method displays a trade-off between
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model accuracy and computational cost.

5.5 Qualitative Results

a. Comparison of Generating Sentences with
Different Approaches: Establishing the interac-
tion between visual and semantic information by
learning the relationship among image features, our
JRAN can generate comprehensive sentences more
consistent with the image theme scene. Figure 7
shows some examples of sentence description gen-
erated by different baseline methods, namely Base-
line (Li et al., 2018a), Sim-Trans and our JRAN-
Trans.

Baselines: A kid and a man
are surfing in the sea.
Sim-Trans: A boy was surfing
in the water with a older man.
JRAN-Trans (ours): A boy on
a surfboard and a man surfing
an ocean wave.

Baselines: Two men were
preparing food.

Sim-Trans: Two guy are
cooking standing near a stove.
JRAN-Trans (ours): Two
men are cooking on a stove in
the kitchen.

Baselines: A black dog and a
white dog are playing.
Sim-Trans: Two dogs of different
colors playing with each other.
JRAN-Trans (ours): Two dogs
of different breeds are staring at
each other on the road.

Figure 7: Examples of generating sentences. Blue is
region objects, purple is the background or environment
information of the object in the image, the red is the
corresponding visual relationship, and the underline in-
dicates the corresponding visual-semantic relationship.

From these exemplar results, it is clearly see that
the three methods can generate somewhat relevant
and logically correct sentences, while our JRAN
based method “JRAN-Trans" generates more con-
sistent sentences with image theme scene. It ef-
fectively improves the quality of generated text
by enriching visual-semantic relationships. For in-
stance, for image (a), compared to the relationship
words/phrases “playing" and “playing with" gen-
erated by methods “baselines" and “Sim-Trans"
respectively. Our “JRAN-Trans" not only accu-
rately generates the relationship phrase “staring at"
between region objects “dogs", but also enrichs the
relationship between region object “dog" and its
background word “road", and generates an appro-
priate interactive word “on" between them, which
significantly improves the model overall perfor-
mance.

b. Effectiveness of Relationship Gate: Figure
8 visualizes the weight of relationship gate during
generating different words. It can be seen that vi-
sual relationship and visual-semantic relationship
contribute differently to the generation of differ-
ent words. Specifically, the visual relationship has

¢ flying in the sky. GT: A pers

GT: A couple of kites ar witha

urfboard stands at the water.

& ¢ [
pe

Figure 8: Visualization of relationship gate weight. The
first column is original image, and the second column
are the values of visual relationship weight (purple) and
visual-semantic relationship weight (green).

a larger value when generating the visual words
“kite" and “sky" (red boxes). Contrarily, when
non-visual words (like “Two", “and", “flying" etc.)
are generated, the visual-semantic relationship has
greater value. This indicates that the two relation-
ships complement each other and jointly boost the
performance of image-text generation.

6 Conclusion

In the paper, a simple and effective model that
makes full use of the complementary region and
semantic features in the image, Joint Relationship
Attention Network (JRAN) is proposed. It explores
the relationship among the features to enrich the
relationship-level representation for finally boost-
ing image-text generation. To verify our claim,
we propose a new joint relationship learning net-
work, which is able to learn two kinds of feature
relationships. Considering the different contribu-
tions of these two relationships during generat-
ing words, we further devise a relationship gate
to finally obtain a feature representation contain-
ing different-level relationship information. Impor-
tantly, our model has made remarkable progress in
deeply exploring the relationship between features
for image-text generation. Extensive experiments
demonstrate that the effectiveness of our proposed
model on larger-scale and smaller-scale datasets.
More remarkably, we obtain new state-of-the-art
performances on popular Flickr30k dataset.
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