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Abstract

CLIP achieves strong zero-shot image-text retrieval by
aligning global vision and text representations, yet it falls
behind on fine-grained tasks even when fine-tuned on long,
detailed captions. In this work, we propose 3-CLIP, a multi-
granular text-conditioned contrastive learning framework
designed to achieve hierarchical alignment between mul-
tiple textual granularities—from full captions to sentences
and phrases—and their corresponding visual regions. For
each level of granularity, B-CLIP uses cross-attention to
dynamically pool image patches into contextualized vi-
sual embeddings. To address the semantic overlap inher-
ent in this hierarchy, we introduce the (-Contextualized
Contrastive Alignment Loss (3-CAL), which parameterizes
the trade-off between query-specific matching and intra-
image contextualization under both Cross-Entropy and Bi-
nary Cross-Entropy formulations. Through extensive exper-
iments, we demonstrate that 3-CLIP significantly improves
dense alignment, achieving 91.8% T2I 92.3% I2T at R@ 1
on UrbanlK and 30.9% on FG-OVD (Hard), setting state-
of-the-art among methods trained without hard negatives.
B-CLIP establishes a robust, adaptive baseline for dense
vision—language correspondence. The code and models are
released at https://github.com/fzohra/B-CLIP.

1. Introduction

Vision-language models such as CLIP [22] have trans-
formed multimodal learning by aligning visual and tex-
tual representations in a shared latent space, enabling zero-
shot capabilities across diverse tasks such as retrieval,
classification, detection, and segmentation in various do-
mains [14, 15, 25, 32, 34, 40]. More recently, CLIP has
been widely adopted as either a vision or text backbone
in generative models for tasks including captioning, vi-
sual question answering (VQA), and even image generation
[7, 16, 20, 23, 24, 37]. However, in the era of long texts,
CLIP faces two primary bottlenecks: a fixed context length
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Despite the
background, the
colorful tuk-tuks
and chatting locals
stand out in this
image.

A closeup of a
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wings closed.

Figure 1. Heatmaps of patch-text logit similarities. Compared
to pretrained CLIP’s diffuse global activations, training with 5-
sentences (K = 6) enhances localized peaks for holistic scenes
(e.g., tuk-tuks) but shows less precise localization for granular de-
tails (e.g., dog’s nose); using an additional 30-concept (K = 36)
yields spatially precise, high-contrast activations for the semantic
features (e.g., nose, coffee cups). BCE variants in Supplementary
Material.

of only 77 tokens and a contrastive training objective that
captures coarse, global alignments between entire images
and captions [28, 36]. Although this global alignment ef-
fectively captures broad semantics, and to some extent fine-
grained semantics as well [3], it provides no direct mech-
anism to associate specific visual regions with fine-grained
text. Extending CLIP to accommodate expansive contexts
and granular alignments remains a significant challenge.

bird with its Cups of coffee



Prior efforts to address CLIP’s coarse-grained limitations
have focused on localizing visual concepts in increasingly
abstract ways. The most direct approaches explicitly align
region-level features with text, for example through early
works like Region-CLIP [39], which pairs image crops
with phrase-level text, and more recent advances like FG-
CLIP [30], which scales alignment by constructing a cor-
pus of 1.6B long captions and 40M region-level boxes and
training Rol features to contrast with phrases.

Moving beyond explicit regions, patch-text alignment
methods more abstractly refine these correspondences by
grouping vision patches with text tokens—typically using
similarity measures or heuristics for averaging [4, 17, 33]
or through trainable modules for aggregating patches and
text tokens as in [1]. Notably, DreamLIP [38] observed
that sentences within MLLM-generated long captions often
describe only partial aspects of an image—such as a spe-
cific object or scene. Rather than relying on region-level
supervision or explicit token grouping, it decomposes each
long caption into sub-captions to create multiple positive
text pairs, aligning them globally with a multi-positive con-
trastive loss and locally via cosine-similarity—based patch
pooling. FLAIR [29] advances this idea by replacing the
cosine-based pooling with text-conditioned attention pool-
ing that extracts patch features specific to a given query.

In this work, we adapt FLAIR’s attention pooling to
select visual features for a hierarchy of textual queries.
Specifically, 5-CLIP decomposes long captions into con-
stituent sentences and phrases, replacing standard pool-
ing with a shallow Transformer block modified for Cross-
Attention Pooling. This refines query—patch interactions to
improve fine-grained selection while retaining broader con-
text. By densely probing visual features at multiple gran-
ularities, our method concentrates attention on fine-grained
details where global representations exhibit poor separabil-
ity. Unlike FLAIR, which relies on text-conditioned pool-
ing at both training and inference, S-CLIP uses it only
during training and reduces to standard CLIP at inference,
preserving its caching efficiency. However, training with
multi-granular queries poses unique challenges for con-
trastive learning due to semantic overlap across granulari-
ties. Unlike traditional region alignment—where local re-
gions explicitly align with queries—our pooled features are
inherently contextualized within global image semantics,
as cross-attention preserves contributions from contextual
patch tokens.

To handle overlapping semantics, we propose a [-
contextualized contrastive alignment loss (5-CAL): a pa-
rameterized contrastive objective that treats all feature pairs
from the same image as positives. The objective is con-
trolled by a weighting factor 5 € [0, 1], that interpolates
between strict and relaxed positive alignments across two
contrastive variants—a soft Cross-Entropy (CE) form or a
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hard Binary Cross-Entropy (BCE) form. Specifically, at
B = 0, it enforces strict self-matching (treating only the
most precise intra-image pair as a full positive) to priori-
tize sharp, fine-grained alignments; at higher 5 values (ap-
proaching 1), it promotes more uniform competition among
all these intra-image positives—tuning soft probability tar-
gets in the CE variant or S-weighted gradients in the BCE
variant—to better integrate contextual information without
diluting specificity.

Our primary contributions are summarized as follows:

* We propose (-CLIP, a multi-granular text-conditioned
contrastive learning framework that densely aligns im-
age representations with hierarchical text descriptions,
demonstrating the effectiveness of probing visual features
at multiple granularities for fine-grained understanding.

* We introduce a [-weighted contrastive objective
(B-CAL) to address overlapping semantics in text-
conditioned patch pooling. This objective supports
both smooth-target cross-entropy and hard-target binary
cross-entropy losses, enabling fine-grained learning from
long captions.

* We validate 5-CLIP by fine-tuning CLIP on long-text and
image pairs from ShareGPT4YV, yielding significant im-
provements on the challenging fine-grained and long-text
retrieval benchmarks FG-OVD, DCI, and Urban1K, with-
out relying on hard negatives.

* We identify a trade-off between specificity and contextu-
alization when training on long captions, which can lead
to overfitting in long-text retrieval tasks. We demonstrate
that this issue affects different types of losses differently
and can be navigated using the S-CAL loss.

2. Related Work

2.1. Fine-Grained Vision-language Alignment

CLIP’s single global image embedding has motivated many
approaches to incorporate fine-grained vision-text align-
ment in diverse ways. For explicit region-text alignment,
RegionCLIP [39] mines pseudo region—caption pairs for
regional contrastive learning, while FineCLIP [12] com-
bines object crops with VLM-generated region captions
and self-distillation to supervise patch-level features. FG-
CLIP [30] scales this paradigm with tens of millions of re-
gion captions, long descriptions, and hard compositional
negatives. Other methods avoid explicit bounding boxes
entirely: FILIP [33] and PACL [17] introduce token-wise
or patch-based alignment, while SPARC [4] learns sparse
groupings of patches for specific tokens. Recently, [21]
showed that naively projecting all patch tokens into text
space can collapse spatial correlations despite strong re-
trieval performance. Moving beyond such projections, re-
cent works have shifted toward text-conditioned feature
selection, where the text query dynamically selects rele-



vant visual features. FLAIR [29] applies text-conditioned
cross-attention to pool specific patch features, while Smart-
CLIP [31] learns a binary mask over visual embeddings to
select feature dimensions most relevant to the text. [3] pro-
vides a complementary view of CLIP’s fine-grained limi-
tations, showing that while attributes such as color, mate-
rial, and patterns are present in its embeddings, contrastive
pretraining biases the latent space toward coarse, category-
level semantics. This suggests that CLIP’s shortcomings
stem not from a lack of localization alone, but from its la-
tent representation, motivating methods that better disen-
tangle fine-grained attributes within the shared image—text
space.

2.2. Long Captions in CLIP

CLIP is pre-trained with a 77-token text window, which
limits its use with long descriptions. [26] show that CLIP-
based models underutilize rich visual detail and introduce
DCI—human-annotated, mask-aligned captions that are ~
1k words in length—along with a summarized variant,
sDCI, that fits within 77 tokens. Fine-tuning CLIP on the
small sDCI set (with LLM-generated summaries and nega-
tives) yields improvements on fine-grained discrimination.
Similarly efforts have been made by DOCCI [19] to in-
crease fine-grained details in captions and DreamLIP [38]
and ShareGPT4V [5] with synthetically generated long cap-
tions. Using ShareGPT4V captions, LongCLIP [36] shows
that by fixing the first 20 positional embeddings and 4x
interpolating the rest, CLIP can be fine-tuned to handle
longer captions (up to 248 tokens), partially mitigating the
context-length bottleneck; this approach is being increas-
ingly adopted [1, 30, 31], as do we. TULIP [18] replaces ab-
solute encodings with relative ones and uses distillation plus
long-caption finetuning to finetune CLIP to arbitrary token
lengths. Interestingly, [28] observe that training with long
captions boosts long-text retrieval but degrades short-text
retrieval; they subsequently propose using learnable tokens
in the text encoder to aggregate diverse features via atten-
tion masks, which helps recover short-text performance. In
our work, we also observe this phenomena in the CE vari-
ants, and observe that the BCE variants can help mitigate
this.

3. Methodology

Our approach extends CLIP for fine-grained, multi-granular
alignment by decomposing each caption into sentence- and
phrase-level queries. These queries guide text-conditioned
attention pooling—implemented with a shallow modified
Transformer block—to extract scale-specific features. We
align these features using the S-contextualized contrastive
alignment loss (8-CAL), which balances fine-grained pre-
cision with contextual integration. Figure 2 provides an
overview.
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3.1. Hierarchical Text Decomposition

Given an image—caption pair (I, C'), we decompose the cap-
tion into three semantic scales.
Caption level: The full caption provides global context:

tcap = ftext(c) S RD»

where fiex is the CLIP text encoder.
Sentence-Level: We segment the caption into Ky indi-
vidual sentences for coarse-grained semantics:

{tian 1159 = { fiexe(s3) : si € split(C)}

Phrase-Level: We extract Kphase key concepts (noun
phrases and verb phrases) using dependency parsing (via
spaCy [11]) for localized/fine-grained semantics:

j } Kphrase

phrase S j=1 {ftext(pj) 1pj € extract(C)}.

This yields K = 1 + Kgent + Kphrase text embeddings per
image, forming the multi-scale text representation T =
[t1,...,tx] € REXP. Since the CLIP text encoder is
trained with a causal mask, we need to extract the EOS to-
ken for each text query rather than simply reusing the cor-
responding text tokens from the full caption.

3.2. Multi-Granularity Visual Feature Selection

For the input image I, we extract patch embeddings using
the CLIP vision transformer using the approach from [8],
skipping the @ — K mixing in the final attention block for
the patch tokens of the ViT to preserve localized features:

[VCLS; P} = fVision(I) € R<N+1)XD;

where P = [pi,...,pn]| are the patch tokens and N is
the number of visual patches (N = 196 for ViT-B/16) and
vers € RP is the global image token. We then generate
K text-conditioned image embeddings via cross-attention
pooling. For each text query t;, € T, we compute attention
weights over the patches:

Qr=tWg, K=PWg,

QK"

*D/h> 5 Vi = OékV.

where W, Wy, Wy € RPXD are learned projections,
h = 8 is the number of attention heads, and D/h is
the head dimension. The Transformer block is modified
to skip the first residual connection around the multi-head
self-attention layer. Instead, after computing the attention-
weighted values, the model directly normalizes and ap-
plies a 2-layered MLP to each query-specific value vec-
tor vy, followed by a residual connection. This produces
query-specific visual representations V. = [vy,...,vk] €
REXD where each vy, attends to visual regions relevant to
te.

V =PWy,
(D

ap = softmax(
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Figure 2. Overview of the S-CLIP architecture (B = 2 and K = 6 shown for illustrative purposes). For each image, the text is decom-
posed into K multi-granular inputs and independently encoded using the CLIP vision and text encoders respectively. The patch tokens P
(J) and £0S tokens T () serve as the keys/values and queries to compute the multi-granular, text-conditioned visual embeddings V ((J)
via the cross-attention pooling block. We compute the similarities between the flattened text tokens T and the flattened text-conditioned
visual embeddings V and symmetrically apply 8-CAL using either normalized soft targets with cross-entropy (CE) or hard targets
with binary cross-entropy (BCE). For BCE, the S-weights are applied to loss as described in Eq. (5). We omit the visualizations for the
CLS tokens and the details of the global loss for the CLS tokens and caption-level text EOS tokens.

3.3. 3-Contextualized Contrastive Alignment Loss

Since the hierarchical features introduce semantic overlaps,
phrase features v/ hrase may subsume parts of sentence fea-
tures vfem. leen this contextualization, we treat all intra-
image feature pairs as positives with tunable overlap via
B € [0,1]. For a batch of B images, both variants con-
struct a flattened similarity matrix S € RBEXBK where
Sij = vl t;/7, and 7 is a learned temperature. We then ap-
ply § differently for each variant: in the soft Cross-Entropy
(CE) form, it interpolates probabilistic targets; in the hard
Binary Cross-Entropy (BCE) form, it modulates gradient
weights on binary positives, as detailed below.

3.3.1. Soft Targets with Cross-Entropy

To form the training targets, we first define the target
weights w;;, which represent the desired strength of align-
ment between features ¢ and j. These weights label exact
matches as positives, related intra-image pairs as tunable
soft positives modulated by 3, and cross-image pairs as neg-
atives:

1 ifi = j (positive)
wi; =< B if [i/K| = |j/K|, i # j (intra-image positives) (2)
0 otherwise (cross-image negatives)

683

and row-normalize them to get a soft distribution

wij
BK :
1=1 Wil

Pij =

We use these weights in lieu of the labels. Per standard
Cross-Entropy, we apply softmax to the similarities S to
yield predicted probability distributions q"2t and qf" The
B-CAL loss is computed as the symmetric cross-entropy
[27]:

£ =~ g Lo losalf'
t2v = pr log qtfv’ (3)
‘Cﬁ CAL = 5 (ﬁgzli + ‘CtQV)

These soft interpolated weights promotes exact self-
alignment (via the diagonal w;; = 1) while controlling
the alignment of contextual information from related intra-
image features (via 5). When 8 = 0, only exact matches
contribute; as (3 increases to 1, the full intra-image set acts
as positives. The softmax step ensures the predictions form
a valid probability distribution over all possible pairs. The
complete objective combines 5-CAL with standard CLIP



loss where the Lgioba is applied to the similarities between
the global image tokens and the full caption tokens respec-
tively:

Liotal = L-caL + Laglobal-

3.3.2. Hard Targets with Binary Cross-Entropy

In the Binary Cross Entropy formulation, the targets Y =
{yi,; } remain strictly binary such that all intra-image pairs
are positives:

Lo v iR = /K]
" 0 otherwise,

The similarities S are passed through a sigmoid activation
to yield independent binary probabilities q;’ft = 0(S;;) and
43" = 0(8;3) [35]. The weights W = {w ;} for modulat-
ing the loss are computed as:

1 ifi = j (positive)
B if|i/K| = |j/K], i # j (intra-image positives) (4)
1 otherwise (cross-image negatives)

w,L-]- —

We then compute the symmetric BCE loss as:

e 1 ) )
CO5F = g Do wiilyislor i + (1~ yi) log(1 — )],
i.J
1 g v
T Zwij[l/ji log ¢! + (1 — y;:) log (1 — ¢'2 )}_] &)
i,J

BCE _
LocaL =

(55 + ).

The weights w;; (from Eq. 4) scale each pair’s contribu-
tion. In this way, this BCE formulation assigns binary pos-
itives to all intra-image pairs, but modulates their gradi-
ent contributions via 3, downweighting off-diagonal terms
when 5 < 1. By scaling the influence of these contex-
tual positives, it provides an alternative way to navigate the
precision-generalization trade-off.

3.4. The Role of 5

The parameter [ controls the balance between query-
specific precision and intra-image contextualization. As
B — 0, the target concentrates on the self-match, yielding
text-specific features but collapsing multi-scale representa-
tions. As 5 — 1, target mass spreads uniformly across
intra-image positives, encouraging cross-scale consistency,
but potentially diluting query-specific signals. This trade-
off is captured by the diagonal fraction fgjae = 1/ (1 + (K-
1) B), which determines how much target mass is assigned
to the self-match relative to other intra-image positives.

4. Experiments

We evaluate 5-CLIP on fine-grained, long-text, and coarse-
grained retrieval tasks. Models are fine-tuned on a safety-
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filtered subset of ShareGPT4V-1.24M' using AdamW with
learning rates of 10~° for the pre-trained parameters and
10~3 for the added Transformer block, an effective batch
size of 2048 (per-GPU batch size of 64, 4 A100 GPUs, 8
gradient accumulation steps), and 10 training epochs. We
note that because each image is paired with K captions of
varying granularity, the resulting similarity matrix is of size
BK x BK, meaning each image is compared against signif-
icantly more negatives than the nominal batch size suggests.
See Supplementary for more details.

4.1. Fine-Grained Retrieval

FG-OVD [2] evaluates fine-grained alignment using region-
level queries derived from bounding-box annotations. Each
region is paired with a positive description and ten hard neg-
atives as semantic distractors. Performance is measured
across four difficulty splits—Trivial, Easy, Medium, and
Hard. Following [30], we extract region features using Rol
pooling over patch embeddings and compute alignment via
cosine similarity to text queries. Baselines highlight the
task’s difficulty: CLIP achieves 12.0% on the Hard split,
while region-supervised methods such as FG-CLIP reach
46.1% when trained with hard-negatives.

As shown in Table 1, the B-CLIP variants outper-
form CLIP and other baselines on fine-grained retrieval
benchmarks. With the Cross-Entropy (CE) objective, ac-
curacy increases sharply from the CLIP baseline across
all FG-OVD splits, surpassing the region-aligned Fine-
CLIP by +4.1, +5.6, +10.0, and +8.4 points on the Hard,
Medium, Easy, and Trivial splits, respectively. Notably,
B-CLIP outperforms all methods trained on the same
ShareGPT4V-1M data—such as Long-CLIP and Smart-
CLIP—demonstrating that data alone does not account for
the performance increase. We further observe the effective-
ness of our multi-granular text-conditioned approach when
compared to the region-aligned FG-CLIP'. Despite using
significantly less training data (1.2M vs. 1.6B+12M+50M
region proposals) and training without hard negatives, the
[ contextualized alignment allows us to recover 55% of
the performance gap between standard CLIP and FG-
CLIP—-calculated as the ratio of our absolute gain over
CLIP to the FG-CLIPs absolute gain over CLIP.

4.2. Long-Text Retrieval

We evaluate zero-shot retrieval on extended captions using
the DCI, SV-1k, and Urban- 1k benchmarks, where long de-
scriptions challenge CLIP’s 77-token limit and its global
alignment objective. DCI [26] provides dense, region-level
narratives spanning multiple entities per image. SV-1k [5]
contains 1K validation ShareGPT4V captions and serves

'We remove ~ 2K image—text pairs containing abusive content using
Detoxify [10] for text and FalconsAl [9] for images (full filtering details in
Supplementary).



Method Data Fine-Grained Retrieval Long-Text Retrieval
FG-OVD DCI SV-1k Urban-1k
ViT-B/16 Hard Medium Easy Trivial| T2I 12T T2I I2T T2I I2T
CLIP WIT-400M 12.0 23.1 22.2 58.5|43.0 45.5 79.6 78.2 53.2 67.5
EVA-CLIP Merged-2B" 14.0 30.1 29.4 58.3|41.2 419 855 90.5 - -
SigL.IP WebLlI-1B - - - - 156.2 57.7 83.4 85.8 62.1 62.7
Fine-CLIP CC2.5M + 104Mreg.  26.8 49.8 504 71.9 |34.4 355 733 70.6 - -
LoTLIP Mixed-100M* - - - - |61.0 62.1 86.8 95.5 - -
FLAIR* DreamLIP 30M 13.3 275 28.6 79.366.2 61.3 98.0 98.5 87.7 83.6
FG-CLIP T ChoM el T 245 47.1 495 - | - - - - - -
FG-cLIP | +10M hard negatives ~ 46.1  66.6 68.7 83.4 |60.6 61.8 94.9 96.7 89.9 93.0
Methods fine-tuning CLIP on WIT-400M + ShareGPT4V-1M
Long-CLIP" 9.2 184 162 51.8 |57.4 51.8 93.4 94.7 79.5 78.9
TULIP WIT-400M - - - - 150.6 50.2 98.6 98.6 86.6 88.1
FineLLIP + ShareGPT4V-1M - - - - - - 89.3 90.7 87.4 90.0
Smart-CLIP>l< 189 37.0 379 70.1 |64.5 65.3 98.1 98.7 87.4 90.0
Ours: B3-CLIP
K=36, 3=0.5, CE WIT400M 309 554 60.4 80.3[59.9 58.4 93.7 94.0 89.0 88.6
K=36, 8=0.5, BCE + ShareGPT4V-1M 20.1 385 342 71.3 ]65.1 63.6 94.4 94.1 91.8 92.3

Table 1. Performance on fine-grained and long-text retrieval tasks. * denotes FG-CLIP trained without 10M hard negatives while '
denotes FG-CLIP trained with 10M hard negatives. We gray out FG-CLIP for fair comparison with our method, which does not use
Hard Negatives during training. © marks models trained on a dataset combining 1.6B LAION-2B and 0.4B COYO-700M samples. §refers
to a 100M-image recaptioned dataset (CC3M, CC12M, YFCCI15M, LAION, COYO). “reg.” denotes the use of additional region-level
supervision. * indicates models we evaluate: SmartCLIP (FG-OVD, DCI), LongCLIP (DCI), and FLAIR (FG-OVD).

as an in-distribution evaluation. Urban-1k [36] comprises
visually similar urban scenes from Visual Genome [13],
each paired with a GPT-4V—generated caption averaging
107 words. As shown in table 1, S-CLIP (BCE) estab-
lishes a new state-of-the-art on the Urban-1k benchmark,
achieving 91.8% (T2I) and 92.3% (I2T). Notably, it out-
performs models specifically designed for long-text under-
standing trained on the same data, including Smart-CLIP
(87.4% T2I) and Long-CLIP (79.5% T2I). On the DCI
benchmark, which requires understanding multiple entities
and relationships, 8-CLIP achieves 65.1% R@]1, surpass-
ing Long-CLIP by a wide margin (+7.7%) and performing
comparably to FLAIR and SmartCLIP.

4.3. Coarse-Grained Retrieval

Standard coarse-grained retrieval is evaluated on short-
caption datasets (MSCOCO and Flickr30k) to assess
whether multi-granular training preserves CLIP’s global
alignment behavior. Across both datasets, methods that
rely on sigmoid-based objectives—notably SigL.IP and
FLAIR—consistently outperform CLIP and other CE-based
variants, suggesting that optimizing for independent binary
matching helps with coarse-grained retrieval.

As shown in Table 2, the CE-based S-CLIP model per-
forms comparably to the CLIP baseline. In contrast, the
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BCE variant of 3-CLIP consistently achieves stronger per-
formance on these tasks, surpassing both the CE variant and
the CLIP baseline. Notably, whereas prior work has shown
that naively fine-tuning on detailed captions can degrade
short-text alignment [28, 36], our BCE variant maintains
absolute gains over the CLIP baseline on both MSCOCO
(+6.7 T2l and +1.5 I2T R@1) and Flickr30k (+7.7 T2I and
+1.5 I2T R@1), comparable to the improvements achieved
by dedicated long-caption methods such as LongCLIP and
SmartCLIP.

5. Ablations

We ablate the main components of 5-CLIP: the alignment
objective, 3, hierarchy size K, and text-conditioning strate-
gies.

Contextualized Contrastive Alignment. Table 3 isolates
the impact of our proposed objective by comparing standard
fine-tuning against 5-CLIP. We apply Symmetric Cross-
Entropy (CE) with either a single positive (X =1) long cap-
tion or strictly intra-image positive sentences (K =6). Di-
rect fine-tuning without text-conditioning demonstrates a
limited capacity to leverage multiple positives. In con-
trast, applying the 3-CAL objective (with 5=0.5) increases



Coarse-Grained Retrieval

Method Data MSCOCO Flickr30k
T2I 2T T21 2T
ViT-B/16 R@l R@5 R@] R@5|R@l R@5 R@I R@5
CLIP WIT-400M 33.1 584 525 767 | 621 856 819 962
SigLIP WebLI-1B 472 721 655 862 | 756 92.8 89.1 986
FineCLIP .\ ccz.\g]gfq(())ﬁlw g, 102 665 545 786 | 679 891 825 964
LoTLIP Mixed-100M 38.06 63.81 59.66 81.50 |65.22 87.98 86.90 97.80
DreamLIP 448 698 623 845|733 918 899 99.0
FLAIR DreamLIP-30M 533 775 680 8§7.8 | SL1 949 947 993
WIT-400M + LAION-1.6B
FG-CLIP +GRIT-12M + 40Mreg 454 - 641 - | 764 - 907 -
+ 10M hard negatives
Methods fine-tuning CLIP on WIT-400M + ShareGPT4V-1M
TULIP 407 661 568 803 | - - - -
LongCLIP" 404 658 576 81.1 | 704 905 841 980
y WIT-400M
SmartCLIP + ShareGPTAV-1M 424 682 619 833|725 914 90.1 984
B-CLIP K=36, 5=0.5, CE 340 602 460 742 | 626 871 732 952
B-CLIP K=36, 3=0.5, BCE 398 660 540 793 | 69.8 905 834 972

Table 2. 8-CLIP variants largely preserve CLIP’s coarse- grained retrieval performance on MSCOCO and Flickr30k, avoiding the degrada-
tion typically observed when fine-tuning CLIP on long text. = denotes our evaluation on Flickr30k using [6].

FG-OVD performance by 7-12 points across the Hard,
Medium, and Easy splits compared to the baseline. Interest-
ingly, at K=1 $=0 where no sub-caption hierarchy is used
but text-conditioning is still present—CE and BCE perform
similarly (Hard: /22, U-1k: ~88). The distinction emerges
once hierarchy is introduced. Although both losses benefit
from hierarchical supervision, they interact with it differ-
ently. CE improves fine-grained discrimination (Hard: 22
—29.2 at K=6), whereas BCE favors long-text retrieval (U-
1k: 87.6—91.8, 89.5—92.0 at K=6).

Method
ViT-B/16

FG-OVD SV-1k U-1k
Hard Medium Easy Trivial| T2I I2T T2I I2T
finetuning with CLIP’s global loss
Single positive, K=1 ~ 22.0 44.6 442 69.6 |93.8 94.3 88.6 88.3

Multiple positive, K=6 19.7 40.1 40.8 67.2 |93.9 93.5 89.0 87.5
B-CLIP

CEK=1, 8=0 220 463 445 727 [93.9 94.2 88.4 89.2

BCE K=1, 8=0 213 447 436 709 |94.1 94.3 87.6 89.5

CE K=6, 8=0.5 292 513 56.4 81.5 |93.5 94.0 87.9 83.4

BCE K=6, 8=0.5 20.6 427 453 712 |94.5 94.0 91.8 92.0

Table 3. Comparison of baseline methods fine-tuning CLIP on
long-text without text-conditioning. K=1 includes only the long
caption, K=6 includes long-caption and sentence-level captions.

The Specificity—Contextualization Trade-off. The hy-
perparameter [ governs the trade-off between diagonal
specificity and off-diagonal contextualization discussed in
Section 3.4. Table 4 illustrates this dynamic. At 5 = 0,
the loss focuses strictly on self-matching, which favors
long-text retrieval but yields poor fine-grained performance.
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Method FG-OVD SV-1k U-1k
ViT-B/16 Hard Medium Easy Trivial| T2I 12T T2I I2T [Sim
B-CLIP (CE)

B=0 36 7.1 89 11.5 |94.4 93.8 90.7 91.4|0.14
B=0.1 232 453 489 775 [94.0 94.1 89.2 87.9(0.92
B=0.15 27.8 51.0 564 79.4 |93.7 94.3 88.5 87.9|0.94
B=05 309 554 604 80.3 [93.7 94.0 89.0 88.6(0.98
B=1 30.8 544 59.0 80.6 [93.4 94.1 88.7 88.7(0.98
B-CLIP (BCE)
B=0 148 30.1 31.8 64.6 [94.0 94.3 91.9 91.6(0.66
B=025 18.1 35.6 30.0 72.8 (942 94.1 92.1 91.9(0.96
B=0.5 20.1 385 342 713 |944 94.1 91.8 92.3|0.98
B=0.75 19.8 38.0 342 72.8 (943 93.8 91.8 91.8(0.98
B=1 20.2 404 363 704 (943 93.9 92.0 91.9(0.98

Table 4. Effect of varying 5 at K = 36. ( controls the specificity-
contextualization tradeoff between diagonal specificity and off-
diagonal contextualization.

Both CE and BCE rely on 8 > 0 for fine-grained gains: CE
Hard accuracy rises from 3.6% to 30.9% at § = 0.5, while
BCE Hard increases from 14.8% to 20.2% at 3 = 1. The
two losses differ, however, in their sensitivity on long-text
retrieval: CE incurs minor drops (< 1%) as [ increases,
whereas BCE remains largely unaffected. Similar trends
hold at =6 (see Supplementary).

Increasing Fine-Grained Semantics for Multi-Granular
Alignment. Table 5 analyzes the impact of increasing the
number of positive phrases. We observe that increasing K
from 6 to 36 improves performance on the Hard split by
+1.7 points (reaching 30.9%), with even larger gains of
+4.1 and +4.0 on the Medium and Easy splits, respectively.



Method FG-OVD DCI SV-1k U-1k
Hard Medium Easy Trivial| T2I 12T T2I I2T T2I I2T
B-CLIP (CE)
K=6, 3=0.5 292 513 564 815 [56.0 51.5 93.5 94.0 87.9 88.4
K=16, 8=0.5 29.2 522 58.6 80.8 [59.7 56.5 93.3 94.5 88.1 87.9

554 604 803
B-CLIP (BCE)

K=36, 3=0.5 30.9 59.9 58.4 93.7 94.0 89.0 88.6

K=6, 8=0.5 20.6 42.7 453 712 (649 62.7 94.5 94.0 91.8 92.0
K=16, 8=0.5 20.9 427 41.6 71.0 [65.2 63.2 94.0 94.2 92.2 91.8
K=36, 5=0.5 20.1 385 342 713 (65.1 63.6 94.4 94.1 91.8 92.3

Table 5. Effect of varying K. K = 6: 1 caption + 5 sentences;
K = 16: +10 phrases; K = 36: +30 phrases.

This suggests that phrase-level text-conditioned features ef-
fectively localize fine-grained semantics, with performance
on fine-grained FG-OVD improving as the number of de-
scriptive phrases increases. Long-text retrieval similarly
benefits from larger K, with DCI scores increasing by +3.9
(T2I) and +6.9 (127T).

The BCE variant, however, shows a different pattern. It
generally scores lower on FG-OVD than CE, and perfor-
mance plateaus or diminishes as K increases (e.g., Easy
split accuracy drops to 34.2% at K = 36). This pattern re-
flects BCE’s weaker fine-grained separation at 5=0.5. This
difference likely stems from the way the BCE loss defines
its supervision: all intra-image pairs are treated as indepen-
dent binary positives, with the loss for off-diagonal pairs
downweighted by 5=0.5. This encourages the model to dis-
tribute its focus across multiple related matches, thereby ef-
fecting its ability to distinguish precise query-image align-
ments from similar ones. Conversely, the CE variant gener-
ates a probability distribution over the logits (via softmax)
in addition to normalized target weights, where intra-image
positives compete against each other. This has the effect of
encouraging the model to assign higher probabilities to ex-
act matches. Despite this, BCE remains highly effective for
long-text retrieval, consistently matching or surpassing CE
across all K values (e.g., +5.2 to +5.5 gain on DCI T2I).

Inference With Text-Conditioned Image Representa-
tions. Table 6 compares long-text retrieval performance
when using the text-conditioned image (TCI) representa-
tions, by conditioning each image embedding on its ground-
truth caption, in lieu of the standard image CLS token. As
shown, under the CE loss, TCI yields considerable im-
provements across both SV-1k and U-1k for K = 6 and
K = 36, indicating that aligning image features to the spe-
cific query text greatly improves long-text matching. How-
ever, as K, increases, the advantage of the TCI dimin-
ishes under binary cross-entropy (BCE) loss, which gener-
ally outperforms CE loss when using the CLS token.

Cross-Attention Pooling with Negative Text Queries.
We explore the use of text-conditioned negatives, which in-
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Method SV-1k U-1k
VIT-B/16 Token| T2I I2T T2I 12T
B-CLIP (CE)

K=6, 8=0.5 | CLS |93.5 94.0 87.9 834
K=6, 8=0.5 | TCI |95.0 94.7 99.1 97.2
K=36, 8=0.5| CLS |93.7 94.0 89.0 88.6
K=36, 8=0.5| TCI |94.7 94.5 95.5 85.4
B-CLIP (BCE)

K=6, 8=0.5 | CLS |91.8 92.0 94.5 94.0
K=6, 8=0.5 | TCI |94.9 94.6 97.0 95.3
K=36, 8=0.5| CLS |91.8 92.3 94.4 94.1
K=36, 5=0.5| TCI |93.9 93.2 88.9 83.6

Table 6. Effect of evaluating with text-conditioned image repre-
sentations (TCI) on long-text retrieval instead of the standard CLS
embedding.

FG-OVD SV-1k U-1k
C S P |Hard Medium Easy Trivial| T2I I2T T2I I2T |Sim
B-CLIP (CE)
- - -[308 544 59.0 80.6 [93.4 94.1 83.7 88.7]0.98
+ Text-Conditioned Negatives
v v 283 481 529 79.9 |93.7 94.0 88.4 88.5/0.98
v v 289 523 554 80.9 |93.6 93.9 87.6 88.3]0.97
v v v 2713 501 540 80.6 |93.8 93.6 87.7 87.9|0.97
B-CLIP (BCE)
- - - ‘20.2 404 363 704 ‘94.3 93.9 92.0 91.9/0.98
+ Text-Conditioned Negatives
v v 222 441 402 73.1 |94.3 94.0 91.1 92.1]0.98
v v'[223 438 39.0 69.6 |94.3 93.9 92.4 92.0 (0.86
v Vv V225 442 433 729 |94.1 94.1 91.8 92.4|0.85

Table 7. Effectiveness of negative hierarchical text conditioning at
K=36 and S=1. Columns “C”, “S”, and “P” correspond to Cap-
tion, Sentence, and Phrase inputs, respectively.

troduce additional negative contrasts by sampling texts from
specific hierarchy levels across other images in the batch.
This approach supplements the positive text-conditioned
representations with negative ones. These additional text-
conditioned representations are then explicitly treated as
negatives within the loss function by augmenting the stan-
dard set of negative pairs. As show in Table 7, at K = 36,
CE does not benefit from this type of conditioning. BCE,
however, consistently improves FG-OVD and representa-
tion diversity while maintaining retrieval performance.

6. Conclusion

We introduced 5-CLIP, a framework that aligns hierarchi-
cally decomposed text with text-conditioned visual features,
enabling fine-grained multimodal understanding without
region-level supervision. Through the 5-CAL objective, we
show that explicitly modeling intra-image granularity of-
fers a strong alternative to region-supervised approaches for
learning dense vision-language representations.
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