Appendix
The Appendix is organized as follows:

* Section A includes full illustrations or more exper-
imental results on EQBEN and detailed analysis of
EQSiMm.

* Section B provides construction details for EQBEN.

e Section C presents the implementation details of
EQSIM.

 Section D visualizes more examples in EQBEN.

A. More Results

In this section, we include full illustrations and addi-
tional experimental results, due to the space limitation of
the main paper.

A.l. Full Ranking Results of Figure 1

In Figure 1 of the main paper, we perform a toy exper-
iment on LAION400M to compare the similarity measure
of FIBER and the human oracle. Due to the space limita-
tion, we only show partial ranking results in the main paper.
Here we illustrate the full ranking in Figure 7. With the full
ranking results, the observation we summarize in the main
paper becomes more clear. That is, the similarity changes
in FIBER do not faithfully reflect the semantic changes in
images (#1 — #25) or text queries “righ” — “left”).

A.2. Retrieval Results on COCO dataset

We report the retrieval performance of FIBER [13] vari-
ants on COCO [7] 5K test split in Table 7. We observe sim-
ilar trends on COCO to that on Flickr30K in Table 2. The
results suggest the effectiveness of the proposed EQSIM,
which brings large performance gain across all metrics.

Text-to-Image Ret. Image-to-Text Ret.

Method

R@]l R@5 R@I10 R@1 R@5 R@I0
FIBER [13] 55.19 81.49 88.89 73.39 92.59 96.41
+FT (COCO) [13] 59.31 83.73 9043 75.88 9392 96.79
+ EQSIM 62.55 8536 91.35 80.16 9544 97.69

Table 7: Image-text retrieval results on COCO [7] 5K test set.
“Ret.” denotes retrieval. Please note that for computation ef-
ficiency and fair comparison, we set the image resolution as
288 x 288 during fine-tuning.

A.3. Full Results of Table 5 and Table 6

We show the full results of ablation studies in Table 8 and
Table 9, with group scores across all 5 subsets of EQBEN
and Winoground. The observation is similar to the main
paper. From Table 8, we can find that EQSIM is scalable
in terms of training data, showing the potential to benefit

VL pre-training. The solitary exception happens on EQ-
SD, where EQSIM cannot consistently obtain the improve-
ments. We hypothesize this is probably because EQ-SD
is biased towards the same underlying distribution with the
VLMs, as discussed in the main paper. With Table 9, we
can find that EQSIM (the hybrid combination of EQSIM, -
all and EQS1My,-close) is the best-performing one, which
validates our claim in Section 3. Meanwhile, EQSIM,-
all and EQS1My;-close also achieve good results (compared
with EQS1M,,-all), where both of them are supported by the
claim in Section 3.

A 4. Pilot Study of MLLM on EQBEN

Powered by the remarkable capabilities of the large
language model (LLM), the community has witnessed an
emergent interest in developing Multimodal Large Lan-
guage Model (MLLM) [81, 40, 18] very recently. Instead
of accepting the pure text as the input, MLLM addition-
ally sees the image and provides the response, which can
be regarded as another line of VLMs. Here we conduct a
pilot study of the performance of MLLM on our EQBEN.
We adopt LLaVa-7B [40] as our base model with Vicuna
as the LLM backend. Given two matched image-text pairs
{I,T1} and {I5,T»}, we concatenate I; and I horizon-
tally as the single input image. We build the question
prompt with the template: “There are two images (left and
right). Now you have two captions: caption 1: {T}; cap-
tion 2: {T5}. Please indicate which caption corresponds to
the left image and which caption corresponds to the right
one. The answer should follow the format: “#index for the
left image; #index for the right image”. For example, ”1;2”
represents that caption 1 corresponds to image left.” Since
it is hard to reformat the MLLM free-form textual output to
the label space, we randomly collect 20 samples from each
subset of EQBEN and manually compare the MLLM output
and the ground-truth label. The results are shown in Ta-
ble 10. Interestingly, by comparing two rows, we can find
that the performance of MLLM is quite sensitive to the or-
der of the input caption 77 and T3 (~ 90% v.s ~ 0%). This
indicates that the MLLM does NOT truly understand how
to distinguish two semantically similar image-text pairs but
just follows the given sequence of the captions.

A.5. Computation Cost of EQSIM

We present the computation cost of adding EQSIM in the
table below. The forward time is measured with the aver-
age of 100 times of forward passes on a single GPU. First,
EQSIM is added as a regularization loss, without additional
overhead on # of parameters. On time cost, we observe an
acceptable overhead for fusion-encoder (i.e., METER) due
to the similarity calculation on negative pairs. While for
dual-encoder (i.e., FIBER), which calculates the similarity
for each image-text pair, the extra time needed for EQSIM is
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Figure 7: Full ranking results of Figure 1.
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Figure 8: Visualization of similarity scores (s;;) on specific examples of EQBEN. s;; is the similarity score for (I;, 7). Darker color
indicates larger similarity. The red cross represents the inferior similarity score leading to the wrong matching result.

almost negligible. Additionally, we show the forward time
consumption v.s. the batch size in the figure below. The
computation cost of EQSIM linearly scales with batch size,
which is only slightly higher than the baseline for each data
point.
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A.6. More Benchmarking Results on EQBEN

We comprehensively report the model performance of
existing VLMs on EQBEN in Table 11. In addition to the
observations drawn in the main paper, we can also find
that: 1) When comparing the results of ALBEF/BLIP and
their variants with contrastive loss (indicated by ), utiliz-
ing cosine similarity as the similarity measure as in ITC of-
ten leads to inferior accuracy compared to score computed
by the ITM head. As ITC is usually implemented without
cross-attention, making it hard to perform the fine-grained
semantic recognition required in EQBEN. 2) Fine-tuning
on Flickr30K (F30K) results in a better performance. In
contrast to the noisy samples of the pre-training data, F30K
contains high-quality captions that describe images in de-
tail, hence helpful for the equivariant similarity learning of
VLMs. 3) The recent method BLIP2 shows strong capac-
ity on our EQBEN. Compared to other baselines, it is pre-

trained on a much larger vision-language corpus (with 129
million image-text pairs), and thus shows better generaliz-
ability.

A.7. Generalization to Video Grounding

To further validate the generalization ability of the pro-
posed EQSIM, we conduct additional experiments on a
very different but relevant downstream task, zero-shot video
boundary grounding task [70, 57], where the model is re-
quired to accurately predict the video boundary indicating
event status change, given the before and after query cap-
tions. To adapt a pre-trained VLM to this video-language
task, we extract video frames at fps=5 first and measure the
similarity between each frame and the two query captions.
Then given the two adjacent frames (/1, Is) and the two
query captions (71,7%), we define a boundary grounding
score spg = s(I1,T1) + s(I2,T>) for boundary grounding,
where s is the similarity produced by VLMs. s34 actually
measures whether the boundary is located between frame Iy
and I. The larger s5, means that (I1,7}) and (I2,T>) are
more likely to be a simultaneous match, thus indicating the
boundary between the before and after captions. Results are
reported in Table 12 on metrics following [70]. We com-
pute the accuracies based on the absolute distance between
ground truth time boundaries and the predicted time bound-
aries, with the threshold varying from 0.1s to 3s. Across
all compared baselines, our EQSIM can attain consistent
performance improvements on the average accuracy, sug-
gesting that EQSIM is effective to identify fine-grained shot
changes in videos.



EQ-KUBRIC

FT Data Method EQ-AG EQ-YouCoo0k2 EQ-GEBC EQ-SD  Winoground  Avg
Location Counting  Attribute
F30K [46] FT 9.24 44.33 8.54 8.95 28.49 66.54 81.29 23.00 33.79
+EQSim  12.64 45.10 10.58 11.05 30.90 70.20 80.70 27.50 36.08
COCo [7] FT 10.14 42.90 8.93 8.60 26.40 66.60 77.13 21.50 32.77
+EQSmM  12.52 45.68 9.37 11.05 26.15 70.75 77.46 25.75 34.84
FT 9.96 43.81 8.93 6.94 28.09 64.34 79.90 22.75 33.09
F30K +COCO +EQSim  11.98 45.80 10.47 10.89 31.15 70.20 82.62 26.50 36.20
amt FT 10.49 40.95 7.49 3.25 18.09 65.20 80.63 20.99 30.88
+EQSmm  12.78 40.96 9.81 9.20 21.25 67.90 79.71 21.25 32.86
Table 8: Full results of Table 5.
Method EQ-AG  EQ-YOUCOOK2 EQ-GEBC EQ-Kusric EQ-SD  Winoground ~ Aveg
Location Counting  Attribute

FT (F30K) 9.24 44.33 8.54 8.95 28.49 66.54 79.97 23.00 33.63

+ HardNeg 12.27 45.43 10.30 10.89 29.49 67.69 81.69 27.00 35.59

+ EQSiMy;-all 12.15 45.71 10.97 9.79 29.94 68.75 81.78 26.49 35.69

+ EQSiM,,-all 12.10 44.97 10.08 10.25 29.05 68.30 79.71 25.49 34.99

+ EQSiMy,-close  13.83 44.99 10.80 11.15 29.25 69.25 80.37 25.75 35.67

+EQSmm 12.64 45.10 10.58 11.05 30.90 70.20 80.70 27.50 36.08

Table 9: Full results of Table 6.

Caption Order EQ-AG EQ-Y. EQ-G. EqQ-K. EQ-SD
T1,T2 95.00 90.00 90.00 88.33  90.00
To, Ty 0.00 0.00 0.00 1.66 0.00

Table 10: Group accuracy (%) of LLaVa on different FT data cor-
pus with different caption input order. Y., G., K. are the short for
YouCook2, GEBC and Kubric.

A.8. Distribution Curves on More Subsets

We present the distribution curves of the equivariant
score on more EQBEN subsets in Figure 13 as the com-
plement to Figure 6 in the main paper. We can find that
our EQSIM (indicated by “Ours”) indeed achieves the most
equivariant similarity (i.e., the tightest curve) across differ-
ent datasets. Meanwhile, it is worth noting that the equiv-
ariance of similarity scores are not always positively cor-
related to the accuracy. For example, on EQ-SD, EQSIM
(Ours) is similarly tight as the vanilla fine-tuning (FT), but
the accuracy slightly drops.

A.9. More Visualizations

Visualizations of Similarity Scores on Specific Exam-
ples. The distribution curves in Figure 6 of the main pa-
per depict the equivariant scores across the whole data.
While in Figure 8, we explicitly visualize and compare the
similarity scores (blue squares) for specific examples be-
tween FIBER baseline and our EQSIM. We can clearly ob-
serve that current SOTA VLM still falls short in the sim-
ilarity measure when facing two visually similar images.
On one hand, the matching results are not even correct (red
cross); On the other hand, regardless of the correctness of
the matching results, the similarity scores are not yet equiv-
ariant, similar to the Figure 1(b) of the main paper. As

shown in the left part of Figure 8, for the same visual se-
mantic change (red<+>grey), the corresponding similarity
change of FIBER s1; — s97 = —0.07 is very different from
S92 — S12 = 1.4. While our model can produce much more
equivariant similarity measure.

Visualizations of Retrieval Results. We visualize the re-
trieval results on the commonly used Flickr30K in Fig-
ure 9. In addition to the better top-1 retrieval accuracy, our
EQSIM can produce much more reasonable similarity mea-
surements for the whole retrieval sequence. For example,
for the baseline model, the rank 2 and 3 images are not in
line with the text of “a young man” and * throw”. While our
top-3 images are clearly more relevant.

Baseline

) [T
Figure 9:

Baseline
N BT

A young
man
about to
throw a
football.

Visualization of top-5 T2I retrieval results on
Flickr30K. Correct (wrong) top-1 images are in green (red).

A.10. EQSim vs. CyCLIP [17]

After the main paper submission, we notice this related
contemporaneous work [17]. We compare and discuss the
differences here and will add to the revision.

* Different motivation and implementation. Given the
two image-text pairs {I;,71} and {I5, T}, CyCLIP
regularizes the CLIP cosine similarity score s with
the in-modal consistency (forcing s(1I7, I5) to be close
to s(71,73)) and the cross-modal consistency (forc-
ing s(I1,T>) to be close to s(Iz,71)). While our
EQSIM steps from the motivation that the similarity



‘ Natural Subsets

‘ Synthetic Subsets ‘

Method ‘ EQ-YouCook2 EQ-GEBC EQ-AG ‘ EQ-KUBRIC EQ-SD ‘ Ave
Text Image Group Text Image Group Text Image Group | Text Image Group Text Image Group
LXMERT [60] 13.96 11.98 455 1356 12.73 4.19 18.17 9.02 446 |18.50 1535 7.26 11.16 6.15 198 |10.20
VILBERT [41] 1478 1275 518 14.67 12.64 4.82 1743 836 3.89 |17.55 1844 8.13 1237 737 278 |10.74
CLIPF (RN-50) [48] |47.72 47.99 34.05 10.80 18.03 3.97 1452 1044 3.50 |21.33 2193 9.75 90.09 8592 79.11 |33.28
CLIP} (VIT-B/32) [48] | 49.48 51.10 36.50 12.57 20.12 447 1391 872 332 [20.56 2129 9.66 89.16 86.05 78.98 |33.73
FLAVA [59] 51.66 5478 39.68 1224 1681 507 659 1347 2.15 [28.88 28.18 1590 79.64 84.47 71.10 |34.04
VILT [30] 4461 4669 3174 1472 1670 562 1537 9.89 345 3123 27.00 17.90 80.37 79.04 68.93 |32.88
ViLT + FT (F30K) 4406 41.69 29.04 1643 18.69 7.00 19.00 1122 505 |34.00 2430 1655 70.12 70.13 55.52 | 30.85
ALBEF! [35] 5124 4909 3622 997 1604 441 1017 1092 278 [18.37 1698 7.20 82.48 89.95 77.85 |32.24
ALBEF 5701 58.04 4490 13.56 19.63 589 11.28 1517 3.93 |29.87 30.18 18.58 88.96 90.41 83.07 |38.03
ALBEF! + FT (F30K) | 57.68 54.13 4274 14.44 1929 628 1936 1275 541 |30.62 2253 1428 91.93 9220 86.51 |38.01
ALBEF + FT (F30K) |61.31 61.78 4928 17.86 22.33 832 23.06 16.67 7.56 |43.44 3658 2823 9220 91.07 85.32 |43.00
BLIPE[34] 5548 55.60 4242 1384 18.68 639 13.02 1046 3.72 [27.03 2603 14388 8228 8526 74.48 |35.30
BLIP 5922 5836 4631 1587 1979 7.27 1976 13.87 631 2938 3225 1873 8539 85.52 77.13 |38.34
BLIP! + FT (F30K) |58.53 58.61 45.55 15.54 2062 7.71 1827 14.33 6.12 3423 2995 19.05 91.60 89.82 84.66 |39.64
BLIP + FT (F30K)  |65.30 64.00 52.96 2045 23.65 10.08 23.02 18.97 8.03 [46.10 3856 28.93 9239 9220 86.31 |44.73
BLIP2[33] 6578 69.48 5597 1825 27.62  9.15 3046 2039 11.75 [40.24 41.63 2853 92.59 91.54 86.51 |45.19
METER [14] 5218 4942 36.81 20.95 18.19 695 28.70 1580 7.88 |44.28 3520 27.26 89.62 84.93 79.44 |39.84
+FT (F30K) [14] 52.68 4831 36.52 18.08 19.85 7.33 29.50 1630 8.12 [41.11 34.59 2433 86.64 84.46 77.46 |39.02
+EQSIM 5412 53.12 4029 24.20 26.02 11.69 28.85 20.09 10.76 |43.68 39.08 28.42 88.04 84.07 77.79 |42.28
FIBER [13] 5204 50.84 38.32 2519 22.66 11.08 3249 24.05 13.70 |47.94 4560 33.53 86.05 88.63 79.97 |44.86
+FT (F30K) [13] 5770 5646 4433 1824 2133 854 2699 18.69 9.24 |5031 46.06 34.66 9048 86.64 81.29 |43.40
+EQSIM 5826 57.10 4510 21.55 26.07 10.58 29.93 23.42 12.64 |51.90 48.40 37.38 90.81 8598 80.70 |45.32

Table 11: Full results on EQBEN. I denotes using cosine similarity of image and text representation as the similarity measure, following

the common practice in ITC.

Threshold (s)

Method 01 02 05 10 15 20 25 30 A

30K FT 227 518 1333 2604 3616 4521 5315 6001 30.16
+EQSIM 293 611 1516 27.06 37.00 46.14 5407 6076 3115

coco FT 289 581 1427 2656 3652 4525 5313 60.19 3057
+EQSIM 282 606 1522 2718 3685 4573 53.68 60.56 3101

FT 265 571 1384 2560 3588 4475 5304 60.02 30.18

FOK+COCO " posiv 3.04 625 1489 2698 3673 4553 532 6042 3088

Table 12: Comparison between our EQSIM and baselines in video boundary grounding task with regard to different time thresholds.

score change should faithfully respect to the semantic
change and derive to the two regularization terms in
Eq. (6). Our final objective is the weighted combina-
tion of such two terms.

Different evaluation settings and tasks. CyCLIP is
solely built on dual-encoder architecture (e.g. CLIP)
and evaluates the effectiveness on the zero-shot im-
age classification task. While our EQSIM can adapt
to both dual-encoder and fusion-encoder architectures
(e.g. METER and FIBER) and achieve improvements
across various VL benchmarks and downstream tasks,
e.g., image-text retrieval, vision-language composi-
tionality, and video boundary grounding.

Better performance of EQSIM. The closest CyCLIP
counterpart to our EQSIM is the cross-modal consis-
tency, which we implemented as EQSiM,;-all in Ta-

ble 6. As we compare EQSIM,-all against +EQSIM,
we clearly observe the superior performance of our
EQSiMm.
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Figure 10: The invalid examples for AG (top) and our proposed
frame filter (bottom).
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B. Construction Details of EQBEN

In addition to the general construction pipeline of
EQBEN in Section 5.3 of the main paper, here we include
more details specific to each subset. For all subsets built on
natural videos, we denote I; and I; as two different frames
of the video, while I; (I;41) represents the immediate
next frame following I; ().

B.1. EQ-AG

Source Dataset. Action Genome [26] (AG) captures
changes between objects and their pairwise relationships
while action occurs. It contains nearly 10K videos with
1.7M visual relationships which can be used for caption
generation. Given the scene graph (person - attention re-
lationship - spatial relationship - object), we first create the
caption with the template “The person is (attention relation-
ship) (object) which is (spatial relationship) him/her.”
Invalid Samples. In AG, we find that sometimes it is hard
to tell apart the two adjacent frames due to the continuity of
the video data. This results in two problems for the dataset
construction as shown in Figure 10 (top): 1) The two images
1I; and I; are too similar, and may be described by the same
caption; 2) The two sample pairs {I;, I; } and {I;, [; 11 } are
too similar, leading to many duplicates.

Invalid Samples

Frame Filter//—\l—\
I; Iivq Iz

Woman in the grey t-shirt
move in the right and look at
the camera.

Woman in the grey t-shirt
holding the curler and looking
at the camera.

Woman in the grey t-shirt
sitting and curling her hair.

Boundary #1 Boundary #2
Figure 11: The invalid samples for GEBC (top) and our proposed
frame filter (bottom).

Frame Filter. To solve this problem, we adopt a sparse
sampling strategy to select frames as candidates (Figure 10
(bottom)). Specifically, we only choose frames I; and I;
if and only if at least 2 of 3 relationships are different.
This will make sure the distinction between two images in
a single sample, thus solving problem #1. Furthermore, for
problem #2, we assume that given a chosen frame I; (1),
the immediate next frame I; 1 (I;41) is too similar to I;
(I;). Therefore, if I; (I;) is chosen, we will skip the subse-
quent frame (red cross in Figure 10 (bottom)), and move to

Iivo (Ij12).

Invalid Samples

Add golden brown potatoes
with other ingredients and
toss the salad.

Add golden brown potatoes
with other ingredients and
toss the salad.

Roughly chop calamari into

. Plate the dish and serve.
pieces.

Figure 12: The invalid samples for YouCook?2 (top) and our pro-
posed frame filter (bottom).

B.2. EQ-GEBC

GEBC [70] consists of over 170k boundaries associ-
ated with captions describing the events before and after
the boundaries. It is built upon 12K videos from Kinetic-
400 [29] dataset. We construct EQ-GEBC examples based
on annotations from the training and validation splits of
GEBC. Intuitively, we can directly adopt the frames before
and after the boundaries (i.e., I; and I; ) as our visual min-
imally different images, and the provided GEBC annotation
before and after the boundaries can be naturally leveraged
as the captions.

Invalid Samples. However, similar to AG, we find that it
is hard to tell apart the two images separated by a boundary
in practice (see Figure 11 (top)). The reason behind is that
the boundary of GEBC is annotated as the status change
between two video segments (e.g., from “walking” to “run-
ning”). Such action words can be hard to recognize from
the sampled static frames.

Frame Filter. As shown in Figure 11 (bottom), we pro-
pose to skip an additional boundary to choose I; and I,
as the twin images to enlarge the semantic gap. Mean-
while, we filter out images with captions containing action
words (e.g., “up”, “down”, “upward”, “downward” and “to-
wards”), which are hard to infer without temporal informa-
tion. Finally, to ensure data quality, we perform a manual
screening process with 10 graduate students to filter out in-
valid samples.

Invalid Samples. As shown in Figure 12 (top), we find that
for the cooking video, the chosen frame may contain the
view of the chef rather than accurately capturing the objects
described in the cooking step. This leads to the mismatch
between the image and the caption.

B.3. EQ-YouCooKk?2

We utilize YouCook2 [80] as the data source which con-
tains 2K YouTube videos with average duration of 5.3 min-
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Figure 13: More visualizations of the equivariance score of baselines and our EQSIM based on FIBER [13] on other 4 subsets of EQBEN.

EQ-Kubric Template Object / Subject Verb Location Size Counts Seman?lc-Mmlmally
Difference
[in front of, behind,
[green turtle toy, white animal dog toy, black on the left of; on the
. power pressure cooker, great white shark [is, is left side of, on the
Location The <.0b./9ﬂ't> <V€"‘b> model, white ramekin porcelain, pink located. is | lefthand of, on the NA. NA. Randomly choose two
<Location> the <Subject>. damask bath towel, white porcelain teapot, placcci] right of, on the right different locations.
grey elephant toy, bald eagle toy, brown bull, side of, on the right
blue gloves, brown hat, white gaming mouse, hand of, on the top
black keyboard, black boot, white gift box of, above]
with red straps, red scissors, vintage metal
alarm clock, black frypan, stainless steel
milk frother, red coffee mug, purple doll
house wooden sofa, black sneaker, white
*  There <Verb> <Counts> canvas shoe, black laptop, black and red
Countin <Object> <Location>. gameboy, blue and black backpack, red high s, are] [in the scene, on the NA [1,2,3,4, Randomly choose two
g . heel, stfnnless steel toaster, white drug bottle, s platform] A 5] different counts.
*  <Counts> <Object> fabric basket, school bus toy, black and
<Verb> <Location>. yellow hammer, green doll house wooden
refrigerator]
*  Towel: [blue stripe towel, red stripe
towel, green stripe towel, grey wash
towel]
*  Hat: [black hat, grey hat, brown hat]
«  Plate: [green square saucer plate, red
square saucer plate, yellow square
saucer plate, green round plate, brown
round plate, blue round plate] [in front of, behind,
*  Plant container: [b!ue plant container, on the left of, on the Randomly choose a
The <Size> <Object> <Verb> yC”OW plant container, red plant [is, is left side of, on the calegcryyset from
. <Location> the <Size> container] ]oca{cd is I.Eft hand of, on _the [small N.A <Object/Subject>; Then
Attribute <Subject> e Storage: [metallic mobile device storage, place(i] right of, on the right large], o randomly choose’ two
’ ’ white mobile device storage, blue and side of, on the right different objects with
white mobile device storage] hand of, on the top attributes from I}IC set.
«  Shoe: [brown shoe, green shoe, white of, above]
running shoe, black shoe, pink shoe,
purple running shoe, yellow shoe, blue
shoe, red shoe]
*  Bottle: [yellow drug bottle, red drug
bottle, blue drug bottle, purple bottle]
*  Bowl: [yellow bowl, brown bowl, blue
bowl, white bowl, grey dog bowl, pink
dog bowl, blue plastic dog bowl]

Figure 14: Overview of caption generation pipeline for three subsets (i.e., location, counting and attribute) of EQ-KUBRIC. Text in red

indicates the aspect of semantic change between two captions.

utes, summing to a total of 176 hours. The videos have been
manually annotated with segmentation boundaries and cap-
tions. On average there are 7.7 segments/captions per video,
and 8.8 words per caption. We construct EQ-YOUCOOK?2
examples based on annotations from the training and valida-
tion splits of YouCook2. For each video with IV segments,

we directly select the middle frame as I; and its annotated
captionas T;, 4 € {1,2,..., N}.

Frame Filter. To solve this problem, we adopt a simple yet
effective solution with the face detector * for frame filter-
ing. Specifically, we directly discard the frames with human

3https ://github.com/ageitgey/face_recognition
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EQ-SD Template Object Scene Attribute Seman?lc-Mlmmally
Difference
[standing on the grass, in the desert, near the river,
[cattle, horse, elephant, goat, deer, camel, in the zoo]
zebra] [standing on the grass, eating, in the wild, on the
[rabbit, cat, dog, wolf, fox, rat, squirrel] desk, on the bench] Randomly choose a
Object A photo/painting of <object> [monkey, koala, panda] [standing on the grass, in the jungle, on the tree, category set from
[bird, eagle, dove] in the wild] N.A. <object>. Randomly
Change <scene>. [duck, chicken] [in the sky, on the tree, standing on the branch] choose two different
[shark, fish, shrimp, whale, dolphin] [on the ground, in the wild] objects from the set.
[crab, frog] [in the river, under the water]
[bear, tiger, lion, pig] [aside the river, under the water]
[in the desert, near the river, in the zoo]
[at sunset, at night, at winter, at fall, at fog, in the
Ahouse on a mountain desert] . .
Scene A photo of <object> Ariver through the valley [a.l sunse? \};mh CIOUd;’ Hl1de;noon sunshine, at NA. Randomly choose a scene
Change (<scene>). Modern city street winter wit §now, atfa ,at. og] P o from <scene>.
Beach [at sunset with clqu@s, at winter with snow, at fall,
at fog, in heavy raining]
[at sunset, at fog, at rainstorm]
[N.A., wearing a
A photo/painting of <object> su?glasses, canng
<attribute> [dog, cat] N.A. ascarf, wearing a
crown, wearing a
cap, wearing a
cowboy hat]
Attribute A photo/painting of NA [black, blue, brown, Randomly choose two
Change <attribute> <object> o red] attributes from <attribute>.
[dog, car, bicycle, cat, bus, train, bird, horse, [a real image of, an
cake, desk] oil Painting of,a
<attribute> <object> NA. 1’33;‘]1 éﬁ:ﬁhpzi’:“
impressionism
painting of]

Figure 15: Overview of caption generation for EQ-SD dataset. The red color highlights the aspect of semantic change between two

captions.

faces.

B.4. EQ-KUBRIC

As introduced in the main paper, EQ-KUBRIC takes ad-
vantage of an open-source graphics engine [20] to faithfully
generate photo-realistic scene for the given captions. There-
fore, the visual-minimal images generation has been trans-
lated into the semantic-minimally different captions con-
struction. We categorize the caption change into three as-
pects: attribute, counting and location. Figure 14 presents
the caption construction details. The semantic-minimally
difference is ensured by only intervening the corresponding
part in the template while leaving other words unchanged.

B.5. EQ-SD

Similar process can be applied to EQ-SD, for which we
summarize the construction details in Figure 15. We sim-
ilarly categorize the textual semantic-minimal editing into
three aspects: object change, scene change and attribute
change. We randomly select from the aforementioned three
aspects to construct the semantic-minimally different cap-
tions. However, in contrast to the Kubric engine, the gen-
eration quality of the stable diffusion model is heavily cor-
related to the given textual prompt. Therefore, we design
a more fine-grained template selection for SD. We select
(scene) and (attribute) from a more restricted subset based
on (object). For example, given the object of “horse” and
the category of “object change” (first row of Figure 15),

the changed object will be selected from the animals from
the same subset (i.e., “cattle”, “elephant”, “goat”, “deer”,
“camel” and “zebra”). Meanwhile, the scene shared across
two captions will be selected from the first subset of scene
(i.e., “standing on the grass”, “in the desert”, “near the
river” and “in the zoo”) for rationality.

C. Implementation Details of EQSIM

We fine-tune the models on § NVIDIA V100 GPUs. The
regularization margin « and the balancing factor 3 are se-
lected from {0,0.04,0.1} and {0.2,0.5,1.0}. We adopt an
image resolution as 288 x 288 due to computational con-
straints. For FIBER, which is implemented with ITC loss
for fast retrieval, we adopt the cosine similarity between im-
age and text features as s, and then normalize it by a softmax
function. The images and text with top-8 s are regarded as
the semantically “close” samples to apply EQSIM,,. ME-
TER is designed with ITM loss, which does not compute
all pairwise similarities in the training batch. Therefore,
we leverage the pre-trained METER model to pre-compute
and cache all pairwise similarities in Flickr30K training
split, prior to fine-tuning. However, the computation of the
ITM similarity for each image-text pair of the training set
still takes a long time (more than two weeks on 8 V100
GPUs in practice). To further reduce the computation, we
apply a “coarse-to-fine” strategy. For a given image, we
first select the top-128 similar images, based on the im-
age feature extracted from the METER vision encoder. As-



EQ-YouCook2 EQ-GEBC

Attribute

EQ-Kubric

Counting EQ-SD

Baby in white dress sitting
on the bed while spreading
his hand wide.

Chop a stalk of parsley.

The person is holding
the dish which is in
front of him/her.

Baby in white shirt
stop to hold the feet
with the hands.

Cut a stick of butter into
thin slices.

The person is not
contacting the dish which
is on the side of him/her.

|
€ "g

The large red stripe towel is

on the top of the large black

keyboard

The grey wash towel is
above the large black
keyboard.

Location

The white canvas shoe
is placed on the top of
the red coffee mug.

A painting of cat
wearing a cap.

There are 4 school bus
toys in the scene.

The white canvas shoe
is located on the right
of the red coffee mug.

There are 5 school bus
toys in the scene.

A painting of cat
wearing a crown.

Man in the black swim cap
and black shorts swimming
with his head underwater.

Man in the black swim cap and black
shorts lift his head over the surface of
water and continues to swim forward.

Replace the lid on the
grill and cook.

The person is touching the
pillow which is on the side
of him/her.

The person is carrying the
pillow which is behind
him/her.

The yellow bowl is on the
top of the small white
ramekin porcelain.

The large brown bowl is
above the small white
ramekin porcelain

A Van Gogh post-
impressionism
painting of train.

The blue and black
backpack is on the right of
the white ramekin porcelain.

There are 2 red high
heels in the scene.

The blue and black backpack
is located on the top of the
white ramekin porcelain.

4 red high heels
are in the scene.

A pencil sketch of
train.

. = y .
Man in yellow t-shirt and blue
athletic suit holding the barbell
on shoulders in front.

Trim the fat off some beef
and place in a slow cooker.

Man in yellow t-shirt and
blue athletic suit take back
one leg to stand straight.

Sprinkle the spices over the
beef cubes and stir.

The person is holding the
clothes which is in front of
him/her.

The person is not contacting
the clothes which is behind
him/her.

The large pink shoe is on
the right of the large
school bus toy.

The red shoe is placed
on the right of the large
school bus toy.

o ¢
apL o

2 white ramekin
porcelains are on
the platform.

)
. i
e

5 white ramekin
porcelains are on
the platform.

The white drug bottle is
on the right of the white
animal dog toy.

A painting of squirrel
eating.

The white drug bottle is
on the left side of the
white animal dog toy.

Man in blue tank t-shirt
and white shorts running
on the track.

Cook the mushrooms in a pan.

Man in blue tank t-shirt and white
shorts jump and roll body in the air.

Cook the carrots in a pan.

The person is drinking from
the bottle which is in front of

The person is holding the
bottle which is on the side of
him/her.

The large brown hat is
placed in front of the
white porcelain teapot.

L]

The large black hat is in
front of the white
porcelain teapot.

. The blue and black
TI:JE :: 1:;:‘:::;{{: ¢ backpack is located on the A pho:;r OI{ ablue
9 : right of the brown bull. esk.

There are 4 red coffee bThe blue f”": b’”"f A photo of a brown
mugs in the scene. ackpack is placed in desk
front of the brown bull. i

-

Figure 16: More visualizations of the examples for our EQBEN.



suming each image is associated with 5 captions, we then
utilize the ITM head to compute a fine-grained similarity
measure for 128 x 5 image-text pairs (leading to 1 hour
on 8§ V100 GPUs). During retrieval fine-tuning, we fol-
low the original METER to sample 15 captions as nega-
tives and additionally sample their counterpart images for
EQSIM. Furthermore, 8 of 15 items (i.e., k = 8) are se-
lected as hard negative (i.e., semantically close) samples
based on the pre-computed similarity matrix. In METER,
the similarity score s is normalized with a sigmoid activa-
tion. We apply other model-specific hyper-parameters (e.g.,
training epochs and learning rates) following the original
METER [14] and FIBER paper [13].

D. More Examples of EQBEN

Figure 16 visualizes examples in EQBEN. We can
clearly find that the two images from one data sample are
visually similar, indicating that our EQBEN indeed focuses
on visual-minimal change.
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