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Abstract

Multimodal sentence embedding models typi-
cally leverage image-caption pairs in addition
to textual data during training. However, such
pairs often contain noise, including redundant
or irrelevant information on either the image
or caption side. To mitigate this issue, we pro-
pose MCSEO, a method that enhances multi-
modal sentence embeddings by incorporating
fine-grained object-phrase alignment alongside
traditional image-caption alignment. Specifi-
cally, MCSEO utilizes existing detection and
segmentation models to extract accurate object-
phrase pairs, which are then used to optimize a
proposed contrastive learning objective tailored
to object-phrase correspondence. Experimen-
tal results on semantic textual similarity (STS)
tasks across different backbone models demon-
strate that MCSEO outperforms image-caption-
only baselines on average, and that it is com-
plementary to existing methods: combining
MCSEO with KDMCSE yields further gains.
A random-pairing control and a manual evalua-
tion of the extracted pairs additionally indicate
that the improvements stem from correct object-
phrase alignment.

1 Introduction

Sentence embedding aims to capture the seman-
tic meaning of sentences by projecting them
into fixed vectors in a shared high-dimensional
space (Reimers and Gurevych, 2019; Gao et al.,
2021), typically trained via contrastive learn-
ing (CL) (van den Oord et al., 2019). Recently, sev-
eral works have incorporated visual context along-
side textual information to learn multimodal sen-
tence embeddings, most of which rely on image-
caption pairs to align the two modalities (Zhang
et al., 2022; Jian et al., 2022; Li et al., 2023;
Nguyen et al., 2024).

Nguyen et al. (2024) observe that current image-
caption datasets often contain noise that introduces

Caption: A man in a brown shirt and 
jeans leans against a pole in front of 
Chanel while a man in a cinema security 
shirt faces the other way near him.

Caption: An ice cream truck with an 
open door is driving through a 
residential neighborhood. 

noise from caption noise from image

Figure 1: Image-caption pair examples from the
Flickr30k dataset. We use red color to highlight the
potential sources of noise. Left: The caption includes
ambiguous or inaccurate details not supported by the
image content. Right: The image contains complex
visual elements that are not described in the caption.

misleading training signals, particularly when visu-
ally similar images are treated as negatives within
the same batch. We further argue that even pairs
labeled as positive can be substantially noisy. Fig-
ure 1 shows two examples from Flickr30k (Plum-
mer et al., 2015) illustrating noise on both sides:
in the left example, the caption’s “driving through”
misrepresents a car that is actually stopped with its
door open; in the right example, the image includes
elements (cameraman, trees) absent from the cap-
tion, yielding incomplete cross-modal alignment.

Since such pairs serve as positives during train-
ing, directly minimizing the distance between
noisy pairs can degrade performance. As per-
fectly aligned image–caption data is infeasible to
guarantee at scale, we instead address the noise
through finer-grained alignment: not only be-
tween images and captions, but also between ob-
jects and phrases. We propose MCSEO (Multi-
modal Contrastive learning of Sentence Embed-
dings with Object-phrase-level alignment), which
leverages off-the-shelf segmentation and object de-
tection models to extract objects from images and
selectively decompose captions into correspond-
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Caption: A man is lying 
down in front of double 
doors with plastic shopping 
bags at his feet .

detect and 
extract

image 
encoder

sentence 
encoder

[cls]

average 
pooling

dropout

closer

(a) unsupervised 
sentence-level CL

closer

(b) sentence-
image level CL

closer

(c) phrase-object 
level CL

Figure 2: Overview of MCSEO. Given an image-caption pair, we decompose it into object-phrase pairs and then
apply three training objectives designed to help the model capture more fine-grained multimodal information.

ing phrases, yielding cleaner object-phrase pairs.
An object-phrase-level contrastive objective then
guides the model to capture this alignment.

Experimental results across multiple backbone
models and datasets demonstrate that MCSEO im-
proves the average STS score over MCSE with
statistical significance over five random seeds, and
that the gains carry over to 39 MTEB (Muennighoff
et al., 2023) tasks spanning classification, cluster-
ing, pair classification, retrieval and STS. MCSEO
is also complementary to KDMCSE (Nguyen et al.,
2024): combining the two yields the best results. A
control experiment in which object–phrase corre-
spondences are randomly shuffled falls below the
MCSE baseline, and a manual evaluation shows
96.7% of extracted pairs are exactly correct, indicat-
ing that the gains come from accurate fine-grained
alignment rather than from an additional loss term.

2 Related Works

Sentence embedding models have achieved strong
performance with contrastive objective that pulls
semantically similar sentences together and pushes
dissimilar ones apart (Reimers and Gurevych, 2019;
Gao et al., 2021; Zhao et al., 2024; Miao et al.,
2024). A growing line of work extends this
paradigm to multimodal sentence embeddings by
incorporating non-linguistic signals, most com-
monly images (Zhang et al., 2022; Jian et al., 2022;
Li et al., 2023; Nguyen et al., 2024). MCSE (Zhang
et al., 2022) is an early attempt that uses an image
encoder to align caption and image embeddings
via CL, on top of standard textual training data.
KDMCSE (Nguyen et al., 2024) examines noise in
image-caption datasets, noting that visually distinct
images are sometimes paired with near-identical

captions, which yields misleading negatives.
Grounding textual phrases to image regions

has been studied extensively, from datasets
with manual region–phrase annotations such
as Flickr30k (Plummer et al., 2015) to open-
vocabulary grounding models such as MDETR (Ka-
math et al., 2021) and GLIP (Li et al., 2022b).
Fine-grained region- or token-level alignment has
also been used to improve vision–language pre-
training (Li et al., 2022a). These works use fine-
grained alignment to improve grounding, detection
or cross-modal retrieval. We instead treat off-the-
shelf grounding as a source of supervision and ask
whether fine-grained alignment improves text-only
sentence representations.

While KDMCSE targets noisy negatives, we ad-
dress the complementary problem of improving
positive pairs: rather than filtering or re-weighting
whole pairs, we decompose each pair into cleaner
object–phrase units, and we show empirically that
the two approaches are complementary. Our con-
tribution is thus not a new grounding method, but
the application of fine-grained object–phrase align-
ment as a training signal for sentence embeddings.

3 Methods

An overview of our proposed MCSEO framework
is illustrated in Figure 2. MCSEO employs three
CL objectives during training: (a) unsupervised
sentence-level CL, (b) sentence-image level CL,
and (c) object-phrase level CL.

3.1 Unsupervised Sentence-level CL

Sentence embedding aims to train a model fθ
that maps a text xi ∈ Dtext to a fixed-size vec-
tor hi = fθ(xi). In unsupervised CL, the posi-
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tive example x+i is typically obtained via dropout,
while other sequences in the batch serve as nega-
tives (Gao et al., 2021):

ltexti = −log
esim(hi,h

+
i )/τ

∑N
j=1 e

sim(hi,hj)/τ
, (1)

where sim(·) is a similarity metric, τ is the tem-
perature, and N is the batch size.

3.2 Sentence-image level CL
Given an image-caption pair {dimg

i , dcapi } from a
dataset D, where i stands for the ith example in
the dataset, we can use an image encoder gθ and
a sentence encoder fθ to obtain their respective
representations:

himg
i = gθ(d

img
i ), hcapi = fθ(d

cap
i ). (2)

Since the caption describes the content of the cor-
responding image, it is natural to treat the paired
image as the positive sample for the caption, while
all other images in the batch serve as negative sam-
ples. The training objective for sentence-image
level CL can be formulated as (Zhang et al., 2022):

limg−cap
i = −log

esim(hcap
i ,himg

i )/τ ′

∑N
j=1 e

sim(hcap
i ,himg

j )/τ ′
, (3)

where τ ′ is the temperature parameter.
As discussed earlier, directly aligning dimg

i and
dcapi can be noisy due to imperfect correspondences.
We therefore further refine the alignment by match-
ing objects in the image with their corresponding
phrases in the caption.

3.3 Extraction of Object-Phrase Pairs
We first apply a detection model fdetect capa-
ble of both segmentation and grounding (e.g.,
SAM2 (Ravi et al., 2025) with Florence2 (Xiao
et al., 2024)) to decompose each image-caption
pair into objects and phrases:

Oi, Pi = fdetect({dimg
i , dcapi }), (4)

where Oi = {o1i , o2i , ..., oki } and Pi =
{p1i , p2i , ..., pki } represent the sets of detected ob-
jects and their matching phrases from the ith image-
caption pair. Note that each detected object is guar-
anteed to have a corresponding phrase, so both sets
contain the same number of elements. Specifically,
since using fdetect would output bounding boxes

and labels, we instead use the detected masks for
precisely extracting the objects in the given image.

We then encode the extracted objects and
phrases:

hi,ko = gθ(o
k
i ), hi,kp = fθ(p

k
i ). (5)

In practice, phrase embeddings are obtained by
average-pooling the token embeddings of the full
sentence at the corresponding phrase positions,
avoiding redundant re-encoding while staying con-
sistent with the sentence encoder.

3.4 Object-phrase level CL
For the ith image-caption pair, we can conduct CL
for the kth phrase based on the detected objects and
decomposed phrases from this pair:

lobj−phra
i = −

∑

p∈Pi,o∈Oi

log
esim(hi,k

p ,hi,k
o )/τ

∑K
j=1 e

sim(hi,k
p ,hi,j

o )/τ
,

(6)
where K is the number of elements in set Oi and
Pi. This formulation encourages each phrase to be
most similar to its corresponding object embedding
compared to other objects. Note that this object-
phrase-level loss is calculated within each image-
caption pair instead of the whole batch.

The final loss of MCSEO is the combination of
three CL losses:

li = ltexti + αlimg−cap
i + βlobj−phra

i . (7)

α and β are two hyperparameters that balance
the contributions of each objective.

4 Experiments

4.1 Setup
We conduct experiments based on two kinds of
text backbone models: BERT (Devlin et al., 2019)
and RoBERTa (Liu et al., 2019). The [CLS] to-
ken is used as sentence embedding. For the image
encoder, we use ResNet50 (He et al., 2016) to en-
code both images and segmented objects into a
dimension of 2048. The image encoder is kept
frozen during training and we only update the text
encoder.

Following Gao et al. (2021) and Zhang et al.
(2022), we use the Wikipedia subset as text-only
dataset, Flickr30k (Plummer et al., 2015) and
MSCOCO (Lin et al., 2014) as the image-caption
datasets. To extract object-phrase alignments, we
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Model STS12 STS13 STS14 STS15 STS16 STS-B SICK-R avg.
text-only models (wiki)

BERT 39.7 59.4 49.7 66.0 66.2 53.9 62.1 56.7
RoBERTa 40.9 58.7 49.1 65.6 61.5 58.6 61.6 56.6
SimCSE-BERT 68.4 82.4 74.4 80.9 78.6 76.9 72.2 76.3
SimCSE-RoBERTa 70.2 81.8 73.2 81.4 80.7 80.2 68.6 76.6

text-image models (wiki + Flickr)
MCSE-BERT 71.4 81.8 74.8 83.6 77.5 79.5 72.6 77.3
MCSE-BERT (reproduced) 71.6±0.5 81.3±1.4 75.0±0.6 83.8±0.9 77.4±0.8 79.9±1.1 72.8±1.3 77.4±0.6

MCSEO-BERT (ours) 71.1±0.6 82.5±0.9 75.7±0.5 84.6±1.1 80.1±0.9 81.4±0.8 72.9±1.2 78.3⋆±0.5

MCSE-RoBERTa 71.7 82.7 75.9 84.0 81.3 82.3 70.3 78.3
MCSE-RoBERTa (reproduced) 72.9±1.0 82.8±0.8 75.5±0.2 83.2±0.5 79.9±1.2 82.8±0.7 71.1±0.9 78.3±0.4

MCSEO-RoBERTa (ours) 73.9±0.4 83.0±0.7 76.5±0.5 83.7±0.3 81.0±1.0 83.0±0.9 72.2±0.4 79.1⋆±0.6

text-image models (wiki + COCO)
MCSE-BERT 71.2 79.7 73.8 83.0 77.8 78.5 72.1 76.6
MCSE-BERT (reproduced) 71.8±0.7 79.8±0.5 74.1±0.4 82.5±0.8 78.0±0.5 79.3±0.9 71.9±0.8 76.8±0.4

MCSEO-BERT (ours) 72.1±0.5 81.1±1.0 74.9±0.3 83.3±0.9 80.2±0.7 80.1±0.6 73.4±0.5 77.9⋆±0.6

MCSE-RoBERTa 70.2 82.0 75.5 83.0 81.5 80.8 69.9 77.6
MCSE-RoBERTa (reproduced) 70.8±0.9 82.0±0.4 75.4±0.6 82.9±0.5 81.1±1.0 81.3±0.9 70.0±0.7 77.6±0.6

MCSEO-RoBERTa (ours) 72.9±0.5 82.5±0.7 76.1±0.7 83.2±0.5 82.4±0.6 82.9±0.9 71.9±0.6 78.8⋆±0.7

Table 1: Evaluation results on seven STS tasks. We report Spearman’s correlation scores for all tasks. Rows marked
with “reproduced” and “ours” indicate mean results over five seeds; other results are quoted from Zhang et al. (2022).
⋆ denotes p<0.05 vs. the corresponding reproduced MCSE baseline (t-test on average). Best averages in bold.

use SAM2 with Florence21 as the detection and
grounding model. All models are trained with a
batch size of 64, and hyperparameters are tuned
using STS-B’s development set, with validation
performed every 125 steps.

For evaluation, we select seven standard Seman-
tic Textual Similarity (STS) tasks from the Sen-
tEval toolkit (Conneau and Kiela, 2018) to assess
sentence embedding quality. Results are averaged
over five random seeds. We additionally evaluate
on 39 English MTEB tasks (Section 4.5).

Detailed setup can be found in Appendix A.1.

4.2 Experimental Results

The experimental results are presented in Table 1.
We compare three categories of models: (1) text-
only baselines trained solely on Wikipedia, (2)
MCSE variants trained on Wikipedia and image-
caption datasets (Flickr or COCO), and (3) our
proposed method, MCSEO, which introduces ad-
ditional object-phrase-level alignment during train-
ing. To ensure a fair comparison with MCSE, we
also reproduce MCSE using the longest caption
available for each image, consistent with the setup
in MCSEO.

From Table 1, we observe several key findings.
Firstly, object-phrase contrastive learning improves
performance: MCSEO raises the average STS
score over reproduced MCSE in all four settings,
with all differences significant (p<0.05). Gains are
consistent on average but not on every individual

1https://github.com/IDEA-Research/
Grounded-SAM-2

Objective Pairing STS avg.
ltext - 76.3
ltext + limg−cap (MCSE) - 77.4
ltext + lobj−phra correct 77.5
ltext + limg−cap + lobj−phra random 76.3
ltext + limg−cap + lobj−phra (MCSEO) correct 78.3

Table 2: Ablation study on the loss function compo-
nents. “Pairing” indicates whether object-phrase corre-
spondences are correct or randomly shuffled.

task. The improvements hold across both back-
bones and both image-caption datasets.

Notably, both MCSE and MCSEO are trained on
the exact same datasets: Wikipedia and Flickr30k
or COCO. The only difference is that MCSEO
models additionally capture localized object-phrase
alignment. The performance gains observed for
MCSEO suggest that the quality of supervision
(i.e., finer alignment) plays a crucial role, even
when the quantity of data remains unchanged.

4.3 Ablation Study

To better demonstrate the effectiveness of MCSEO,
we train a BERT-based variant using only ltexti and
lobj−phra
i by setting α to zero in equation 7, using

wiki + Flickr datasets. The results are presented
in Table 2. Several observations can be drawn
from the table. First, incorporating lobj−phra along-
side the conventional textual objective ltext leads
to a substantial improvement over the text-only
baseline. Second, this two-loss variant performs
comparably to combining ltext with the sentence-
image-level objective limg−cap (which is equivalent
to MCSE). This suggests that object-phrase-level
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Method Class. Clust. PairCl. Retr. STS Avg.

MCSE (BERT) 65.30 36.63 76.12 26.04 74.48 51.57
MCSEO (BERT) 67.13 37.43 77.10 27.23 75.72 52.79

MCSE (RoBERTa) 68.25 35.15 77.88 25.77 74.86 51.99
MCSEO (RoBERTa) 68.46 36.01 78.40 26.90 76.14 52.85

Table 3: Results on 39 English MTEB tasks (wiki+Flickr), averaged within each task category. MCSEO improves
over MCSE in all categories for both backbones.

alignment alone provides multimodal supervision
of similar strength. Finally, the full MCSEO objec-
tive achieves the highest accuracy overall, showing
that sentence-image-level and object-phrase-level
alignments are complementary when used together.

To test whether the gains stem from correct align-
ment or merely from an additional loss term, we
shuffle object-phrase correspondences within each
image-caption pair. This variant not only loses
the improvement but falls below MCSE, showing
that the benefit requires correct alignment and that
incorrect alignment is actively harmful. The re-
liability of this signal is supported by a manual
evaluation of 1,000 extracted pairs, of which 96.7%
are exactly correct (Appendix A.2).

4.4 Complementarity with KDMCSE

MCSEO and KDMCSE (Nguyen et al., 2024) ad-
dress two different sources of noise in image–
caption supervision: KDMCSE denoises negatives
at the batch level through threshold filtering and an
adaptive angular margin, whereas MCSEO refines
positives within each pair through object–phrase
alignment. The two are therefore orthogonal in
principle, and can be combined by replacing the
sentence–image term in Equation 7 with the full
KDMCSE objective while retaining our object-
phrase term:

li = ltexti + α lKDMCSE
i + β lobj−phra

i . (8)

Table 4 reports the results on wiki+Flickr with
the BERT backbone. Our reproduction of KDM-
CSE closely matches the originally reported score.
MCSEO alone approaches KDMCSE without rely-
ing on a teacher model, indicating that fine-grained
alignment is a strong supervision signal on its own.
Combining the two outperforms either method indi-
vidually, which empirically confirms that denoising
negatives and refining positives are complementary
rather than redundant. Implementation details are
given in Appendix A.3.

Model STS avg.

MCSE (reproduced) 77.4±0.6

MCSEO (ours) 78.3±0.5

KDMCSE (reproduced) 78.7±0.6

KDMCSE + MCSEO 79.5±0.8

Table 4: Comparison and combination with KDMCSE
on wiki+Flickr with the BERT backbone. Average
Spearman’s correlation over the seven STS tasks, re-
ported as mean over five random seeds.

4.5 Evaluation Beyond STS
STS tasks measure only one aspect of sentence rep-
resentation quality. To test whether the benefit of
object–phrase alignment generalises, we addition-
ally evaluate on 39 English tasks from MTEB v2
(Muennighoff et al., 2023), covering classification
(8), clustering (9), pair classification (3), retrieval
(10) and STS (9).

As shown in Table 3, MCSEO improves over
MCSE on every one of the five task categories, for
both backbones. The gains are not confined to the
STS category on which the hyperparameters were
tuned, suggesting that finer-grained multimodal su-
pervision yields representations that transfer more
broadly.

5 Conclusions

In this work, we propose MCSEO, a multimodal
contrastive learning framework for sentence em-
beddings that introduces fine-grained supervision
by aligning object-phrase pairs extracted from
image-caption data. By leveraging existing de-
tection and grounding models, MCSEO decom-
poses each image and caption into semantically
grounded object-phrase pairs and applies an addi-
tional object-phrase-level contrastive loss during
training. Extensive evaluations demonstrate that
incorporating these finer-grained alignments sig-
nificantly improves the quality of sentence embed-
dings across different backbone models.

401



Limitations

Despite the effectiveness of MCSEO, several lim-
itations remain. Our experiments are conducted
on image-caption datasets that are predominantly
in English, and the generalizability of MCSEO to
other languages or to more diverse visual domains
(e.g., medical images, charts, or videos) remains
to be verified. MCSEO depends on an external
grounding and segmentation stack (Florence-2 and
SAM2). Errors in this stack may propagate to the
training signal. Such models are also likely bi-
ased toward common object categories; rare or
abstract phrases are more often left ungrounded
and therefore receive no fine-grained supervision,
which may skew the benefit toward frequent con-
cepts. Extracting objects and phrases introduces ad-
ditional preprocessing overhead compared to stan-
dard image-caption contrastive learning, although
this cost is incurred only once and does not affect
inference.

Ethical Statements

This work uses publicly available image-caption
datasets (e.g., Flickr30k) and pretrained models
(SAM2, Florence2, BERT) strictly under their re-
spective licenses and intended research use. We
manually annotated 1,000 automatically extracted
object–phrase pairs for quality evaluation; the anno-
tation was performed by the authors and involved
no external human subjects or newly collected
data. Our method is designed to improve general-
purpose sentence representation quality and does
not target any sensitive or high-risk use case. We
use LLM only for minor language polishing.
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A Appendix

A.1 Experimental Setup

Specifically, we choose bert-base-uncased and
roberta-base as the base models and use the
[CLS] token as sentence embedding. To address
the dimensional mismatch between textual embed-
dings and visual embeddings, we introduce an MLP
layer that maps both modalities into a shared em-
bedding space of 256 dimensions. We use cosine
similarity as the similarity function and fix the tem-
perature parameter to 0.05.

The detected objects are equipped with trans-
parent backgrounds to avoid potential noise. For
model training, we follow MCSE and set the weight
of the image-caption contrastive loss α to the opti-
mal value 0.01. The weight β for the object-phrase
contrastive loss is selected via grid search from
{0.001, 0.005, 0.01, 0.02, 0.05}, with β = 0.005
yielding the best results.

Table 5 reports the STS average as a function
of the object–phrase loss weight β, on wiki+Flickr
with α = 0.01, averaged over five seeds. Every
value of β in the searched range improves over
MCSE for both backbones, indicating that the bene-
fit does not hinge on a narrow choice of β, although
the best value (β = 0.005) gives the largest gain.

To maximize the number of object-phrase pairs
extracted from each example, we use the longest
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Category Proportion

Exact 96.7%
Partial / coarse 3.2%
Wrong 0.1%

Table 6: Manual evaluation of 1,000 randomly sampled
object–phrase pairs from the training data. Only one
pair out of 1,000 was judged wrong (one-sided 95%
upper bound ≈0.5%).

caption provided for each image in Flickr30k. This
strategy results in an average of 4.2 object-phrase
pairs per image. During training, we exclude cer-
tain pairs from the object-phrase contrastive loss
calculation if they are truncated due to length limi-
tations or if they constitute the only one detected
object-phrase pair in the image (insufficient for
loss).

A.2 Annotation Protocol for Object-Phrase
Pairs

Sampling. Annotation was carried out by the au-
thors. We uniformly sample 1,000 object-phrase
pairs from the pairs actually used for training on
wiki+Flickr, i.e. after the exclusion rules described
in Appendix A.1 have been applied. Each sam-
pled instance is presented to the annotator as the
source image with the segmentation mask overlaid,
together with the full caption and the phrase span
highlighted.

Labels. Each pair is assigned exactly one of three
labels:

• Exact. The mask covers the referent of the
phrase, and only that referent, up to minor
boundary imprecision.

• Partial / coarse. The mask covers the cor-
rect referent, but imprecisely. For example,
it captures only part of the object, includes a
substantial amount of background, or covers
only a subset of the instances denoted by a
plural or collective phrase.

• Wrong. The mask covers a different entity
from the one denoted by the phrase.

Results. The resulting distribution is reported
in Table 6: 96.7% Exact, 3.2% Partial, and 0.1%
Wrong (1 pair out of 1,000; one-sided 95% upper
bound ≈0.5%). Strict precision is therefore 96.7%
and lenient precision 99.9%.

Error analysis. The partial cases fall into two
recurring patterns. First, plural or collective noun
phrases (e.g. a group of people, several bikes) are
frequently grounded to a single instance or to a
subset of the instances they denote. Second, ob-
jects that are occluded or split across the image are
over-segmented, so that the mask covers only the
larger visible fragment. Neither pattern changes
the identity of the referent, which is why we treat
them as partial rather than wrong.

A.3 Implementation Details for the KDMCSE
Comparison

For the comparison and combination reported in
§4.4, we reproduce KDMCSE in our own codebase
rather than quoting the published numbers, so that
the two methods share the same data, batch size,
evaluation protocol and seeds.

Teacher. Following Nguyen et al. (2024), we use
a frozen CLIP ViT-B/32 as the teacher with pre-
extracted features, replacing the ResNet50 encoder
for this comparison only; segmented object crops
are encoded by the same frozen visual encoder so
that global and object-level representations share
one space.

Hyperparameters. We adopt the values reported
by Nguyen et al. (2024) for the KDMCSE-specific
terms: angular margin m = 0.125 and similar-
ity threshold 0.85. For the object–phrase term we
keep our own β = 0.005, and α is set to α = 0.01.
All remaining settings are identical to those in Ap-
pendix A.1.

Sanity check. Our reproduced KDMCSE
reaches an STS average of 78.7±0.6 on wiki+Flickr
with BERT, which closely matches the originally
reported result, confirming that the reproduction is
faithful.
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