CLIP Is Shortsighted: Paying Attention Beyond the First Sentence

Supplementary Material

Appendices

In Sec. A, we present the training details of our main results.
In Sec. B, we present the pseudocode of our DeBias-CLIP
method. In Sec. C, we present additional ablations, includ-
ing on the embedding stretching for SigLIP, training length,
sampling, padding, and token padding methods. In Sec. D
and Sec. E, we present additional discussion and results on
CLIP and Long-CLIP biases, respectively. In Sec. F, we
present visualizations that highlight the superior long-text
retrieval capabilities of DeBias-CLIP and demonstrate its
advantages in text-to-image diffusion.

A. Training Details

Complete training parameters are provided in Tab. S1. Our
setup largely follows Long-CLIP [8], with two modifications:
we train for 3 epochs instead of only 1 and use a smaller
batch size of 256 instead of 1024 to ensure consistency
across all experimental runs. Experiments were conducted
on a variety of hardware configurations, subject to compute
cluster availability, but the main results in Sec. 5.3 of the
paper were all run on 4 A100 GPUs.

Parameter Value
Batch size 256
Training epochs 3

Warm-up iterations 200
Weight decay le-2

Learning rate le-6
AdamW g4 0.9
AdamW (o 0.999

AdamW e le-8

Table S1. Training parameters. We use AdamW as the optimizer
and run on 4 A100 GPUs for the main paper results.

B. Pseudocode

We present pseudocode of our sampling method in Algo-
rithm 1, where ¢ (-) is the text tokenizer, tiext (-) and
Yimg (+) are respectively the text and image encoders, and
f (+) is an operator that reconstructs feature vectors from
their principal components (PCA).

C. Additional Ablations

C.1. Positional Embedding Stretching for SigLIP

For the different pretrained CLIP-style models presented
in our main results, we follow Long-CLIP [8] and stretch

Algorithm 1 DeBias-CLIP Caption Sampling

Require: Long-text caption C' = [s1, S2, . . . , Sy, )» iIMAgE
1, loss weight \*

Ensure: Training loss £

1. Cl e C > Long caption

2 T + o(CY) > Tokenize long caption

3; CMOSUM i [g9. ..., Spe.] > Remove first (summary)
sentence

4: Sample ngamp ~ U{1, ..., Ngens — 1}

s: Sample a subset S C {2,. .., Ngents } With |S| = Ngamp
(without replacement)

6: C*™P «+ concatenate {s; : i € S}

7. TSP — p(CmP) > Tokenize short caption

8: TSP < [SOT,t1,...,tn,,,.,» EOT, PADpo]

9: Let npost be the number of post-padding tokens in the
tokenized short caption 7%™P

10: Sample npre ~ U{0, . .., Npost }

111 Mpost €= Npost — Tpre

12: T
[SOT,PAD,...,PAD,ty,...,t

—————

s “Nsamp?

EOT, PAD, . .., PAD]
—— —

TNpre TMpost

13: Encode captions and image:
U® 4= Yrex(T°)
ut qptext(Te)
V<= 1pimg(I)
14: L7 < L5(u®, f(v))
15: L8« Luf,v)
16: L A L%+ (1— %) LF
17: return £

> Short (sampled) caption
> Long caption
> Image

> Short caption loss
> Long caption loss

the positional embeddings by freezing the first 20 text po-
sitions and using linear interpolation to extend the rest by
a factor of 4. Results from Long-CLIP justify this for the
OpenAl weights, and OpenCLIP weights are trained with
the same approach. However, SigL.IP models use a different
loss, tokenizer, and attention mechanism (with no text causal
masking), and therefore, it may not be necessarily appropri-
ate to freeze the first few tokens. We present in Tab. S2 short
and long retrieval results for our DeBias-CLIP method on
SigLIP and SigLIP2 weights, comparing stretching all posi-
tion embeddings against keeping the first 20 frozen. We find
that stretching all embeddings leads to a significant reduction
in short retrieval (—15.3% for Flickr T2I with SigLIP2), so
we recommend using the standard Long-CLIP strategy. In



Method COCO Flickr Urbanlk DOCCI
T21 T21 T21 T21
SigLIP
Stretch all 31.8 27.4 82.9 80.9
Freeze first 20 48.7 40.8 85.6 83.3
SigLIP2
Stretch all 39.5 28.3 87.0 82.9
Freeze first 20 51.9 43.6 87.2 83.0

Table S2. Ablation on stretching all embeddings of SigL.LIP mod-
els for text-to-image (T2I) retrieval. While performance on long
retrieval (see Urbanlk and DOCCI) does not change substantially,
stretching all the embeddings leads to a significant reduction in
short-text retrieval performance (see COCO and Flickr).

COCO Flickr Urbanlk DOCCI

Epochs

T21I T21I T21I T21I

I (Long-CLIP)  40.4 34.1 79.5 71.4
3 (Long-CLIP)  40.6 339 82.7 75.2
1 422 36.0 90.1 78.4

3 43.0 36.6 93.0 80.0

5 43.0 36.7 93.5 80.9

7 43.2 36.8 94.1 81.3

10 43.1 36.7 94.2 81.5

Table S3. Ablation on the number of training epochs for text-to-
image (T2I) retrieval. We observe significant improvements when
going from 1 to 3 epochs across all datasets. Extending training
from 5 to 7 epochs yields smaller but still notable improvements on
long retrieval (Urbanlk and DOCCI). Results from 7 to 10 epochs
are more marginal and mixed.

practice, we also observe a significant bias towards the first
few tokens for SigLIP models (see Sec. 3.2), which further
justifies freezing the first 20 embeddings.

C.2. Ablation on Number of Training Epochs

We investigate the effects of training duration by training for
1, 3,5, 7, and 10 epochs. Results are reported in Tab. S3.
We observe that performance improves substantially across
datasets when increasing from 1 to 3 epochs (+2.9% on
Urbanlk T2I), with more marginal but consistent gains from
3 to 5 and 5 to 7 epochs. Improvements for long retrieval
from 7 to 10 epochs are minor (0.2%), and short retrieval is
starting to be negatively affected. We also include the origi-
nal Long-CLIP results for comparison. Notably, even with
an equivalent training budget (1 epoch), our DeBias-CLIP
method significantly outperforms the Long-CLIP baseline
for all datasets, with +1.8% and +1.9% for short-text re-
trieval on COCO and Flickr T2I, and +10.6% and +7.0%
for long-text retrieval on Urbanlk and DOCCI T2I.

Method COCO Flickr Urbanlk DOCCI

T2I T2I T2I T2I
Random 43.0 36.6 93.0 79.7
Ordered 43.2 37.6 91.7 80.2
Independent ~ 42.7 36.5 92.7 80.3
Keep 4 42.7 36.4 92.8 80.0
Shuffle 41.7 353 92.8 81.1

Table S4. Ablation on sentence sampling methods for text-to-
image (T2I) retrieval. We find that there is relatively little differ-
ence between different sampling methods. The Ordered method
improves short retrieval at the cost of long retrieval, while the Shuf-
fle method improves long retrieval on DOCCI at the cost of short
retrieval. We find that our default Random sampling offers the best
tradeoff between short and long retrieval.

C.3. Ablation on Sentence Sampling Method

Our DeBias-CLIP method generates short captions

by first generating a random number of sentences

Nsampled = U {1,2, ..., Ngents — 1} from a uniform dis-

tribution, and then sampling that number without re-

placement from the original set of sentences C"°-5"™" =

[$2, -y Snuen.) (€., with the first sentence excluded),

and finally concatenating the sentences together (Random

method). In this section, we consider four alternative sam-
pling methods:

* Ordered: We select a contiguous block of sentences start-
ing from the second sentence up to a randomly selected
end sentence, preserving the original narrative order.

* Independent: We independently select each sentence in
Cro-s"m with a probability p = 0.5, creating a more uni-
form number of sentences.

* Keep 4: We fix the sample size t0 ngamplea = 4 While
sampling randomly without replacement.

* Shuffle: We use the full set of sentences (no subsampling)
but randomize their order.

Results are presented in Tab. S4. We find that perfor-
mance differences between most sampling methods are
marginal. Sampling contiguous sentences (Ordered) im-
proves short-text retrieval (+1.0% on Flickr) at the expense
of long-text retrieval (—1.3% on Urbanlk). This is similar
to the SmartCLIP strategy, differing only in that SmartCLIP
includes the initial summary sentence (s;). Conversely, us-
ing all sentences (Shuffle) boosts long retrieval (+1.4% on
DOCCI) but causes significant degradation in short retrieval
(—1.3% on Flickr). Ultimately, we find that our default Ran-
dom sampling offers the best balance between short and long
retrieval without requiring additional parameter tuning.

C.4. Ablation on Padding Method

In DeBias-CLIP, we add a random number of padding tokens
before the tokenized text tokens from the caption, which
depends on the post-caption padding length and leads to



COCO Flickr Urbanlk DOCCI

Method "o ™ gy T2I T2
Nopad 419 358 925 80.8
Random 430 366  93.0 79.7
Pad20 431 367 928 80.3
Pad40 430 367 928 80.3
Pre-SOT 430 364  92.1 80.1

Table S5. Ablation on token padding methods for text-to-image
(T2I) retrieval. All padding methods generally improve short-text
performance. Replacing our default random padding (Random)
with fixed padding length of 20 (Pad 20) or 40 (Pad 40) yields
comparable performance, with only marginal gains on DOCCI T2I
(4+0.6%), while adding the padding before the SOT token leads to
slightly worse performance.

padding of varying lengths. Tab. 5 showed that our padding
strategy (Random) improves on using no padding (No pad),
and in Sec 4.4, we hypothesize that one of the key benefits
comes from shifting the short caption away from the ini-
tial token positions. As a result, early-position tokens are
mostly trained with the full long caption, and particularly
its summary (first) sentence. In this ablation, we consider
alternative fixed padding lengths of 20 and 40 tokens (Pad
20 and Pad 40) and present results in Tab. S5. Additionally,
while our default method adds padding after the SOT token
(preserving its position), we also evaluate adding padding
before the SOT token (Pre-SOT).

We find that all considered padding approaches improve
short-text retrieval. Replacing random padding with fixed-
length padding generally yields comparable performance,
with only a marginal gain on DOCCI T2I (+0.6%). Given
this negligible difference, and to avoid introducing an arbi-
trary fixed hyperparameter, we retain the base random sam-
pling approach. Finally, we find that adding padding after
the SOT token generally outperforms padding before it (Pre-
SOT), justifying our default implementation. In Sec. E.3
below, we discuss attention across tokens and highlight that
the attention to the SOT token is much larger than for other
tokens. Because the SOT token is present across all training
datasets, is text-independent, and is always the first token, it
plays a distinct role in the attention mechanism compared to
regular text tokens. Moving it away from the first position
could disrupt this, leading to worse performance. Recent
work has shown that non-text positional tokens can serve
as attention sinks in LLMs [1], reducing the magnitude of
cross-attention between tokens when it isn’t required. A
similar effect could be present for CLIP text encoders.

C.5. Transferring to SmartCLIP

In the main results, we show that the text sampling used in
DeBias-CLIP substantially outperforms the Long-CLIP base-
line. Here, we apply similar sampling methods to SmartCLIP
[71, which was consistently one of the best-performing meth-

COCO Flickr Urbanlk DOCCI

Method T2 T2 T2I T2I
Original 24 363 874 78.0
Start at 2 431 374 90.1 797
Onlydrop1 422 363 925 31.8

Table S6. Ablation on caption sampling with the SmartCLIP
training on text-to-image (T2I) retrieval. We obtain consistently
better performance compared to the original SmartCLIP by not
sampling the first (summary) sentence. There are clear tradeoffs
between short-text (COCO and Flickr) and long-text (Urbanlk
and DOCCI) retrieval when subsampling the sentences instead of
keeping the full original caption.

ods for both long and short retrieval (see Sec. 5.3). Smart-
CLIP trains with a single caption obtained by truncating the
original long caption after a random number of sentences.
Thus, it always contains the summary sentence. As alter-
natives, we consider two sampling methods: one identical
to SmartCLIP except that we always remove the summary
sentence by starting from the second sentence (Start at 2),
and one where we keep the whole caption except the first
sentence (Only drop I). We train with SmartCLIP’s released
code, use a ViT-B/16 backbone, and run for 3 epochs. Re-
sults are presented in Tab. S6. We find that removing the
first sentence consistently improves long-text retrieval per-
formance (Original vs Start at 2, +2.7% on Urbanlk T2I),
with mixed results on short-text retrieval, with+0.7% on
COCO T21I but —0.5% for I2T (not in the table), and better
performance on Flickr. We can further improve long retrieval
by not subsampling the caption sentences (Only drop 1), at
the cost of some short-text performance. However, the final
short retrieval results remain similar to the original Smart-
CLIP while being much better (+5.1% on Urbanlk T2I)
for long-text retrieval. Overall, our results on SmartCLIP
highlight the importance of not training with the summary
sentence.

D. Additional Discussion on CLIP Biases

We extend the empirical analysis from Sec. 3 with additional
results on DOCCI and Urbanlk. We continue our analy-
sis of retrieval with the first two sentences of long-caption
datasets (see Sec. 3.2), comparing three configurations: us-
ing both sentences in order (First 2), both sentences with
the order swapped (2 before 1, Swap 2), and using only the
first sentence (First only). For DOCCI, the average token
count for the first two sentences is 46.6, 43.8, and 40.4 for
CLIP, SigLIP, and SigLIP2 tokenizers, respectively. For
Urbanlk, these averages are 49.5, 46.5, and 42.1, respec-
tively. Results are presented in Fig. S1. When comparing
models, we broadly observe the same trends, with signifi-
cant performance drops in the Swap 2 case, particularly for
SigLIP and SigLIP2. We observe slightly different trends
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Figure S1. Effects of permutation of the first two sentences on the top-1 text-to-image (T2I) and image-to-text (I2T) retrieval
performance for CLIP models. We present results on DOCCI in (a) and (b), and on Urbanlk in (c) and (d). We analyze three setups: the
first two sentences in the correct order (First 2), the same two sentences swapped (Swap 2), and the first sentence only (First only). Sentence
swapping generally leads to worse retrieval performance and tends to be more severe for the Sigl.IP and SigL.IP2 models. Dropping the
second sentence leads to significantly larger degradation on Urbanlk compared to DOCCI.
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Figure S2. Effects of padding sentences on the top-1 text-to-image (T2I) and image-to-text (I2T) retrieval performance for CLIP
models. We present results on DOCCI in (a) and (b), and on Urbanlk in (c) and (d). One to five padding sentences ‘This is a
photo.’ are added before the truncated original caption (we keep the first two sentences only). Increased padding consistently leads to
worse retrieval performance, but this effect is much more severe for the SigLIP and SigLIP2 models.

between retrieval on DOCCI and Urbanlk. OpenAl CLIP is
less sensitive to sentence permutation on Urbanlk (4+0.1%
and —1.3% for Urbanlk T2I and 12T, respectively), but this
could be due to lower performance in general. Furthermore,
performance for the First only setting on Urbanlk is sub-
stantially worse than the First 2 baseline (—9.5% on DOCCI
12T and —21.5% on Urbanlk 12T for OpenAl CLIP), in-
dicating that additional text is critical for retrieval on this
dataset. This could be due to Urbanlk images being mostly
limited to ground-level urban scenes, compared to the higher
diversity of DOCCI. Consequently, many Urbanl1k captions
likely share similar first (summary) sentences, making the
second sentence essential for disambiguation.

Fig. S2 presents additional results for the padding effects
on DOCCT and Urbanlk. We see similar trends across mod-
els and datasets, with CLIP models (OpenAl and OpenCLIP)
exhibiting significantly less sensitivity to padding compared
to SigLIP models. While SigLIP models perform better than
CLIP variants in the no-padding setup, this advantage does
not hold for longer padding sequences. This aligns with our

results for sentence transposition and implies that SigL.IP
models have a very narrow effective context window.

E. Additional Discussion on Long-CLIP Biases

E.1. Long-Text Retrieval with Sentence Permutation and
Removal

In sections 3.3 and 5.3, we showed that our DeBias-CLIP
method achieves better long-text retrieval performance and
is more robust than Long-CLIP to sentence transposition or
to erasing the first sentence. Here, we extend the comparison
to SmartCLIP, which is a consistently strong model for both
long- and short-text retrieval. We repeat the text permutation
analysis from Sec. 5.3.3 but now consider ViT-L models and
additionally evaluate on both DOCCI and Urbanlk to show
that these results generalize broadly. We consider four text
augmentation cases: the original full caption (Keep), trans-
posing the first and second sentences (Move 2), transposing
the first and fourth sentences (Move 4), and removing the first
sentence (Remove). If there are fewer than four sentences,
we transpose the last sentence with the first. We present



results in Fig. S3. First, we note that DeBias-CLIP is con-
sistently better in the nominal case (Keep) and substantially
more robust to sentence permutations. On DOCCI T2I, the
Move 4 case leads to a reduction of —8.7% for Long-CLIP
and —6.9% for SmartCLIP, but only —2.0% for DeBias-
CLIP. Even when removing the first sentence, DeBias-CLIP
loses only —12.1%, while Long-CLIP and SmartCLIP lose
—18.3% and —15.9%, respectively, on DOCCI T2I. On Ut-
banlk T2I, DeBias-CLIP loses only —10.8% compared to
—20.2% for Long-CLIP and —20.1% for SmartCLIP, show-
ing that our model is significantly better at using details in
the later sentences of the caption to match images without
relying on the summary sentence information.

E.2. Encoder Design to Resolve the Early Token Bias

Our method resolves the early token bias issue from a data
perspective by avoiding training with the summary captions.
In this section, we investigate two possible encoder design
solutions to reduce the bias: using relative positional em-
bedding instead of the absolute positional embedding, and
using token average pooling as the output token instead of
aggregating information to a single token.

TULIP [4] proposes to learn relative positional embed-
ding, particularly rotary positional embeddings (RoPE) [6],
instead of linearly interpolating the original CLIP absolute
positional embeddings like Long-CLIP. RoPE is commonly
used in language models and has been shown to have better
interpolation and extrapolation properties. TULIP shows
significant improvements over Long-CLIP, but it is unclear
whether this is because the method resolves the early to-
ken bias or because the model is generally better. Thus,
we evaluate TULIP ViT-L in the sentence permutation set-
ting considered in Sec. 5.3.4 (Move permute first and fourth
sentences, Remove remove first sentence from caption) and
show results in Fig. S4. While TULIP is consistently better
than Long-CLIP, performance is significantly worse when
the first sentence is moved (—7.3%) or removed (—16.1%)
when compared to our DeBias-CLIP (—2.0% and —12.1%
respectively). This shows that the bias problem persists even
when using relative positional embeddings.

Next, we consider using token average pooling to gen-
erate the final text output token, compared to aggregating
information in a single token (the EOT token for CLIP). This
would force the final text output to be explicitly dependent on
all the encoded tokens, potentially making it more sensitive
to information later in the caption. We train both Long-CLIP
and DeBias-CLIP ViT-B for 3 epochs with token averag-
ing (Avg) and again consider the sentence permutation of
Sec. 5.3.4, comparing them to the original CLIP single token
aggregation (Orig) in Fig. S5. We see that average pooling
generally reduces performance by a small amount (about
—2% for Long-CLIP, —1% for DeBias-CLIP) and does not
improve the issue of early token bias. For the original Long-
CLIP, we see a drop of —10.4% when permuting the first

and fourth sentences (Move), and a drop of —11.0% with
average pooling.

E.3. Additional Details and Results on the Attention
Weights Distribution

In Fig. 1 (b), we present a plot of the average attention
weights over tokens for both Long-CLIP and our DeBias-
CLIP method. We provide additional details here. Our goal
is to show that Long-CLIP models are biased towards early
tokens in the caption. To this end, we measure the token self-
attention values in the attention matrix before the softmax,
and consider specifically the attention from the output token
(analogous to the CLS token for the image encoder and
it is the EOT token for the CLIP text encoder) to all other
positional tokens in the last transformer layer, which captures
how much information from the other positions is used to
update the output token. We use the pre-softmax values as
these directly capture the token-to-token affinity without the
effects of the softmax normalization.

For a single caption, the query Q € R” and key K € R”
matrices are used in self-attention (before softmax) as

T
()

where M € RP*D is the self-attention weight matrix across
all token positions and D is the hidden dimension. We are
interested in the row of matrix M corresponding to the output
token (i.e., EOT position) mggr given by

_ qporKT”

m Y~
EOT \/5

which is the vector of attention weights from the output to-
ken to all other tokens. Because CLIP models use a causal
mask in the text encoder, padding tokens that appear after
the EOT token have an attention weight of —oo (this be-
comes a weight of 0 after the softmax), so mggr has the form
MEggr = [USOT7U17 <oy Uk, UgoT, =00, ..., —OO]

In Fig. 1 (b), we plot this value aggregated over the
DOCCI dataset. For each token position, we sum the cor-
responding entries of mggy over all captions and divide by
the number of times that position corresponds to a text token
(rather than post-text padding), giving a normalizing vector
n:

2

n= [nh ng, ..., 7l248]
N
= ZmEDT,i > —00, 3)
i=1

where N is the number of samples in the dataset, and where
the inequality is applied independently for each element of
mgor ;. This yields a vector of binary elements for each cap-
tion in the dataset. The normalization excludes the padding
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Figure S4. Effects of permutations of the first two sentences on
top-1 text-to-image retrieval for TULIP ViT-L. While TULIP
is consistently better than Long-CLIP, it still shows significant
performance degradation when sentences are permuted (Move) or
the first sentence is removed (Remove).

tokens, which are more frequent for later embedding posi-
tions, and captures the average value of attention weights
when they correspond to text tokens. In Fig. 1 (b) and in
the following figures, we exclude the weight with respect
to the SOT token vsgr,;, Which is generally much larger (on
the order of 2.5), and corresponds to a softmax probability
between 0.35 and 0.40.

Similar to how our method improves Long-CLIP by as-
signing more consistent attention weights to later text tokens,
Fig. S6 repeats the analysis for SmartCLIP, showing it has a
less steep drop in attention over token positions compared to
Long-CLIP, which is consistent with its improved long-text
retrieval performance. However, there is still substantially
less attention on later tokens in SmartCLIP. Finally, when
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Figure S5. Effects of permutations of the first two sentences
on top-1 text-to-image retrieval with token average pooling for
Long-CLIP (LC) and DeBias-CLIP (DB). Token average pooling
generally does slightly worse, and does not reduce early token bias.

evaluated on DOCCI, where the first ~25 tokens correspond
to the summary sentence, we see that the earliest text posi-
tions consistently have larger attention weights on average,
even for DeBias-CLIP. This could be related to a positional
bias toward earlier tokens and/or a bias towards the summary
sentence.

To disentangle these effects, we replicate the experiment
under the Move 4 setting, where we transpose the first and
fourth sentences. Results in Fig. S7 show that (i) a positional
bias remains, with significantly larger attention values for
early tokens, and (ii) the summary sentence continues to
receive more attention (as it likely contains more informa-
tion) even when moved to a later position. In fact, we see
an increase of about 0.2 in the attention values from token
positions 50 to 100 in the Move 4 setting. Additionally, we
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Figure S6. Mean pre-softmax self-attention weight from the out-
put token to the text tokens as a function of the token position
on DOCCI. For both Long-CLIP and SmartCLIP, the attention
magnitude consistently decays beyond 50 tokens, while for DeBias-
CLIP it remains essentially flat (ignoring high-variance values at
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Figure S7. Mean pre-softmax self-attention weight from the out-
put token to the text tokens as a function of the token position
on DOCCI, with the first and fourth sentences transposed. We
see similar trends as in the untransposed case: there is a significant
bias toward early tokens even if the summary sentence is moved
to a later position. The summary sentence visibly receives more
attention even after being moved (around tokens 50-100).

present the post-softmax attention weights in Fig. S8. After
softmax normalization, the larger weights on later tokens in
DeBias-CLIP lead to a redistribution of the attention from
the first few tokens to the rest of the caption.

F. Visualizations and Results for Image Generation

We claim that DeBias-CLIP is more sensitive to caption de-
tails than Long-CLIP, particularly in later sentences. Fig. SO
presents examples on Urbanlk, DCI, and DOCCI, where
Long-CLIP fails to retrieve the correct image given the long
caption, but where DeBias-CLIP succeeds. In general, these
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Figure S8. Mean post-softmax self-attention weight from the
output token to the text tokens as a function of the token po-
sition on DOCCI. DeBias-CLIP reduces the bias on early tokens
and has a relatively even attention spread on later tokens, while we
observe a decay for Long-CLIP.

are cases where the first summary caption applies equally to
either image, and where specific details in the caption (e.g.,
presence of umbrellas, oil containers, the color of the cat’s
paws) are required to identify the matching image.

We also investigate how our DeBias-CLIP models per-
form on downstream tasks. In particular, we replace the
CLIP text encoder from SDXL [5] with DeBias-CLIP.
Fig. S10 compares text-to-image generation with the origi-
nal CLIP, Long-CLIP, and DeBias-CLIP, with prompts from
ShareGPT4V and Urbanlk captions. The generation results
show that CLIP struggles with long captions and often fails
to capture key details, such as the Japanese text in the first
example, or the color of the dinosaurs in the second. When
comparing DeBias-CLIP to Long-CLIP, we find that DeBias-
CLIP preserves more fine-grained details (e.g., the green
traffic light in the third example). However, generation with
long captions also highlights a broader limitation of all CLIP
models: they suffer from poor relational understanding, with
limited ability to encode relative position (left/right), accu-
rate object counts, and consistent object-attribute matches.
For example, the blue dinosaur generated by DeBias-CLIP
in row 2 is an incorrect amalgamation of an orange dinosaur
holding a blue toothbrush. Quantitatively, we compare the
performance of DeBias-CLIP with Long-CLIP by measuring
the similarity between the original images and images gener-
ated with the 1000 paired long caption from the ShareGPT4v
validation split. We evaluate Fréchet inception distance (FID)
[3] and the DINO score [2]. Tab. S7 shows that DeBias-CLIP
improves both metric, showing we generate images from the
long captions that are semantically closer to the paired im-
ages.



Urbanlk Caption

'The image portrays a group of individuals on a
rain-soaked street. In the foreground, a couple
shares a dark umbrella, the woman wearing a
light jacket and jeans, the man in dark clothing.
Nearby, two women stand under separate
umbrellas, one blue and one patterned with
flowers. Both clad in dark attire, with one sporting
vibrant pink and purple rain boots. The wet
pavement reflects their silhouettes and the lights
around. In the background, cars and a delivery truck
provide context to an urban setting, hinting at a
bustling city despite the dreary weather conditions.'

DCI Caption

'An industrial crane at a dock. A large crane similar
to those that can be found at a port sits atop a
platform. Underneath this platform and to the
left are two shipping containers. To the bottom
right of the image, three oil containers can be
seen, with a pile of metallic waste in front of the
two left oil containers. The sky is clear and light
blue. The name of the area appears to be Duisburg
Bulk Terminal.'

DOCCI Caption

'An indoor top down view of a grey tabby cat on its
back with its eyes closed and oriented vertically.
The cat's white paws are upward and in the left
side of the view along with it's head. The tail of the
cat is bent left and facing toward the bottom of the
view. The cat is lying on a partially visible black
chair cushion, the chair has two long arm rests
that point downward and form the legs of the
chair. The Cat is very visible as light is being
shined upon the cat, although the rest of the view is
not very bright.'
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Figure S9. Comparison between Long-CLIP and DeBias-CLIP on long text-to-image retrieval. We observe that DeBias-CLIP more
consistently recovers images that are correctly matched to the text. Text in bold marks the caption details that are required to retrieve the

right image.

Model FID] DINO Scoref
Long-CLIP 0.335 0.515
DeBias-CLIP (ours) 0.317 0.528

Table S7. Quantitative image generation comparison. We re-
place the CLIP text encoder in SDXL with either Long-CLIP or
DeBias-CLIP generate images from the 1000 image-caption pairs
of the ShareGPT4V validation set. DeBias-CLIP generates images
that are semantically more similar to the original images.
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Stable Diffusion Prompt

'photo, detailed, 8k, The image captures a bustling
urban street lined with multi-story buildings,
abundant with colorful storefront signage, likely
indicating a variety of businesses. The photo is
taken during the day under an overcast sky. A man
in a black suit and carrying a briefcase stands in the
foreground, appearing as if he is about to cross the
street or waiting for someone. Further back, another
person sprints across the street, clutching a green
cloth or bag. The vehicles visible are parked or
moving slowly, suggestive of a highly
pedestrianized area. The architecture suggests this
could be a street in Japan, highlighted by the
presence of Japanese text on signs.'

Stable Diffusion Prompt

'photo, detailed, 8k, This image captures a charming
scene set in a bathroom. The main focus is on a
white bathroom sink, which is set against a beige
counter. The faucet, gleaming in silver, has water
running from it, creating a dynamic element in the
otherwise still setting. On the counter, you'll find
two toy dinosaurs, one orange and one green,
positioned as if they are drinking from the faucet.
The orange dinosaur is on the left side of the
sink while the green dinosaur is on the right
side. Adding to the whimsy of the scene, each
dinosaur holds a toothbrush in its mouth - the
orange dinosaur with a blue toothbrush and the
green dinosaur with a green one. The image is a
playful blend of everyday routine and imaginative
play, turning an ordinary bathroom sink into a
prehistoric watering hole.'

Stable Diffusion Prompt

'photo, detailed, 8k, The image shows an overcast
day on an urban street with a row of shops to the
left. A green traffic light is prominently
displayed in the foreground. Shop fronts appear
closed with metal shutters, one of which is tagged
with graffiti. Fresh produce is set outside on the
sidewalk. The street slopes downhill with
residential buildings on the right. A distant
cityscape with indistinct buildings fades into the
misty background. Various cars are parked along
the street. Urban infrastructure, such as lamp posts
and traffic signs, line the sidewalk. The weather
gives a hazy atmosphere to the scene.'

cur X Long-CLIP X DeBias-CLIP Vv~

Figure S10. Stable Diffusion text-to-image generation results for CLIP, Long-CLIP, and DeBias-CLIP. DeBias-CLIP can leverage
more details that appear later in the caption and suffers less from inaccurate localization of details (e.g., the green color of the bag being
transferred to the suit in the Long-CLIP first row image). Text in bold highlights the caption details that are correctly represented in our
DeBias-CLIP method.
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