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ABSTRACT
While multi-modal Visual Language Models (VLMs) have demon-
strated significant success across various domains, the integration
of the generated outputs or the underlying embedding representa-
tions directly into recommendation and retrieval systems remains
a challenge, due to issues like training objective discrepancies and
serving efficiency bottlenecks. This paper introduces PinCLIP, a
large-scale visual representation learning approach developed to
enhance retrieval and ranking models at Pinterest by leveraging
VLMs to learn image-text alignment. We build upon established
multi-modal models, such as CLIP [38] and SigLIP [53], and propose
a novel neighbor alignment objective to optimize the similarities
between two multi-modal entities (Pins) that are engaged by a sim-
ilar set of users. To manage the scale of representation learning
in a multi-node GPU environment, we employed several optimiza-
tion techniques, including Flash Attention [13, 14, 42], funneling
operations [9, 12], and activation checkpointing. The resulting rep-
resentations are deployed at web-scale and integrated as features
into downstream retrieval and ranking models throughout the Pin-
terest platform, leading to substantial improvements in relevance
across all major product surfaces.

CCS CONCEPTS
• Information systems→ Retrieval models and ranking.
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1 INTRODUCTION
Large Language Models (LLMs) have achieved great success in re-
cent years on revolutionizing a vast number of domains starting
with the introduction of GPT [39]. The introduction of the Trans-
former architecture [45] provides a more effective way to handle
long-range dependencies in text, which led to the development
of models like BERT [15], T5 [40], and GPT [39] that pioneered
the use of large-scale, unsupervised pre-training to generate co-
herent and contextually relevant text. Subsequent breakthroughs,
such as instruction tuning [10] and reinforcement learning from
human feedback (RLHF) [36], have further refined these models,
enabling them to follow complex instructions and produce safer,
more helpful responses.

Inspired by the generative design of LLMs, early research, such
as SASRec [25] or BERT4Rec [43], brings generative modeling with
unidirectional or bidirectional attention through transformers [45]
to sequential recommendation, though not directly leveraging the
pretrained LLMs for content representations. Subsequent research,
such as ZesRec [16], UniSRec [24], and others [23, 30, 41], advanced
this by leveraging pre-trained LLMs to encode textual descriptions
of items and user behaviors. A separate line of work [22, 37, 47]
has explored using prompt-tuning [27] to directly elicit recommen-
dations from LLMs based on user history or conversations. More
recently, a trend has emerged toward pre-training large, GPT-style
generative models on user interaction sequences for representation
learning in recommender systems [7, 46, 48, 52].

Despite this progress, existing approaches have notable limita-
tions. First, many models adopt LLM architectures or pre-training
strategies [7, 25, 43, 46, 52, 56] without directly harnessing the
rich semantic representations from pre-trained foundation mod-
els. Second, the primary focus has remained on textual data [16,
23, 24, 30, 41], with other modalities such as images and video be-
ing largely underexplored. Finally, most studies are conducted on
small-scale academic datasets, providing insufficient insight into
the challenges of deploying these models scalably in real-world
production environments.

Overall, we believe that there are several fundamental challenges
that impede the integration of LLMs into production recommender
systems (RecSys). Primarily, the optimization objectives differ be-
tween the two paradigms. Modern LLMs like GPT [39] are gen-
erative models trained to predict the next token, whereas RecSys
models are typically trained for discriminative tasks – such as pre-
dicting user engagement with a video – utilizing cross-entropy
loss functions. Secondly, the operational requirements of RecSys
necessitate high throughput and low latency to serve live traffic.
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The substantial model sizes of LLMs, which can contain billions
of parameters, pose a practical challenge for deployment in pro-
duction RecSys due to their considerable computational cost and
inherent latency. Finally, LLMs and large vision models (VLMs)
are trained on multi-modal data, where inputs are tokenized into
granular units like text tokens or image patches. In contrast, Rec-
Sys models leverage manually engineered features and learn from
sparse implicit feedback derived from a potentially vast corpus
of items. These critical architectural and data-centric di�erences
present substantial technical hurdles for the seamless integration
of LLMs into RecSys.

This paper introducesPinCLIP , a large-scale visual representa-
tion learning approach developed to enhance retrieval and ranking
models at Pinterest. We build upon established multi-modal models,
such as CLIP [38] and SigLIP [53], and propose a novel neighbor
alignment objective to optimize the similarities between two im-
ages that are engaged by a similar set of users. To manage the
scale of representation learning, we employed several optimization
techniques, including Flash Attention [13, 14, 42], funneling oper-
ations [9, 12], and activation checkpointing to enable multi-node
training. The resulting representations are integrated into dozens
of machine learning production models, signi�cantly enhancing
user engagement across di�erent surfaces in Pinterest.

The key contributions of this work are as follows:

� We introduce a novel approach that leverages pretrained
VLMs to learn visual representations from a massive, real-
world product with hundreds of millions of users.

� We present a practical recipe on how to build an e�ec-
tive multi-modality content signal on a large-scale image
dataset, including our best practices on data selection, model
architecture, learning objectives, e�ciency enhancements
and full productionization.

� We validate the general e�ectiveness of our proposed visual
representations not only by strong o�ine metric gains, also
by numerous online integrations to various surfaces in
Pinterest, including Homefeed, Search and Related Pins.

� We also show that our learned multi-modality content rep-
resentations are highly e�ective at promoting fresh content
on the platform with up to 15% more user actions, which
is a crucial step toward solving the longstanding cold-start
problem in recommender systems.

2 RELATED WORK
2.1 Visual Language Models
The evolution of visual-language models (VLMs) began with a foun-
dational shift from CNNs to powerful Transformer-based vision
backbones like the Vision Transformer (ViT) [17], which treated
image patches as sequential tokens, and the more e�cient Swin
Transformer [33], which introduced a hierarchical, windowed self-
attention mechanism. These architectures paved the way for large-
scale pre-training strategies, exempli�ed by OpenAI's CLIP [38],
which pioneered contrastive learning on massive web-scale image-
text pairs to achieve remarkable zero-shot generalization. Subse-
quent models like BLIP [28] re�ned this approach by introduc-
ing image-to-text generation tasks, and SigLIP [53] simpli�ed con-
trastive learning with sigmoid loss to achieve tremendous e�ciency

gains. The current frontier is de�ned by scaling, with public models
such as InternVL [8, 57] and Alibaba's Qwen-VL [3], and closed
models like Gemini 2.5 Pro [11], pushing parameter counts into
the billions. These state-of-the-art systems demonstrate that in-
creasing model and data scale continues to yield signi�cant gains,
enabling more sophisticated and �ne-grained multimodal reasoning
capabilities.

2.2 LLMs for Recommender Systems
Drawing inspiration from the generative capabilities of LLMs, ini-
tial studies in sequential recommendation adopted Transformer
architectures. Models like SASRec [25], BERT4Rec [43], and ( 3-
Rec [56] utilized generative modeling with either unidirectional
or bidirectional attention, although they did not use pre-trained
LLMs for content understanding. A later wave of research, includ-
ing ZesRec [16], UniSRec [24] and others [23, 30, 41], advanced
the �eld by employing pre-trained LLMs to encode the textual fea-
tures of items and user interactions. Concurrently, another research
direction explored prompt-tuning LLMs to directly generate recom-
mendations from user histories or dialogues, as seen in works by
[22, 37, 47]. More recently, the �eld has shifted towards pre-training
large, GPT-style generative models directly on sequences of user
behavior to learn powerful representations for recommendation
tasks [7, 46, 48, 52]. Fu et al. [19] utilize multi-modality models
as item encoders for sequential recommendation and introduce a
decoupled PEFT mechanism to boost e�ciency. Their approach
still requires multi-modality model inferences for each item in the
user sequence, which could lead to signi�cant scalability challenges
when scaling to a production environment with hundreds of mil-
lions of users and items.

A concurrent work from Giahi et al. [20] also learns multi-modal
embeddings using a CLIP-style objective by aligning object-level
image crops with LLM-generated text summaries. Our approach
di�ers in several critical aspects. First, unlike their method which
models vision and text through separate encoders, our model em-
ploys a cross-modal fusion architecture to learn a richer, uni�ed
semantic representation. Second, we introduce a novel neighbor
alignment task that is critical for learning e�ective representations.
Consequently, our approach produces a holistic image embedding
not explicitly de�ned in their object-centric method, demonstrating
strong performance on both retrieval and ranking tasks, whereas
their evaluation is focused primarily on retrieval.

3 METHOD
Pinterest, as a visual-centric platform, is primarily used by its users
to discover visual inspiration across a wide spectrum of topics. To
enhance the functionality of the platform, our objective is to con-
struct a general and e�ective multimodal representation learning
system. This system is designed to bene�t numerous downstream
machine learning models in production, spanning various surface
areas such as Homefeed, Related Pins, Search, and Ads. To achieve
this goal, we propose and develop two distinct model architectures
leveraging a contrastive learning framework:

� Image-Text Model : This architecture utilizes image-text
contrastive learning exclusively, following the methodol-
ogy pioneered by OpenAI's CLIP [38]. It is trained on pairs
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Figure 1: Side-by-side comparison of image-text and fusion objectives. The image-text model (left) uses a contrastive learning
strategy inspired by CLIP [ 38] and SigLIP [ 53], whereas the fusion model (right) incorporates a new objective that aligns
multimodal Pin representations. This new objective leads to stronger o�line and online improvements for the fusion model.

comprising Pinterest images and associated textual meta-
data, which includes titles, detailed descriptions, search
keywords, and internal annotations.

� Fusion Model : This architecture employs a more sophisti-
cated multimodal contrastive learning objective. It explicitly
incorporates the fusion of image and text information to
generate a uni�ed representation, followed by an alignment
step to re�ne the overall Pin representation.

3.1 Image-Text Model Architecture
In this section, we describe the image-text model in detail. As shown
on the left in Figure 1, it consists of an image encoder� img¹�º and
a text encoder� txt ¹�º, where the same text encoder is used to pro-
cess di�erent text sources. We use multiple contrastive loss terms
to align: (1) the query image and the descriptive text and (2) the
query image and the keyword text. In particular, the descriptive
text consists of the short Pin title, the detailed Pin description, or
the synthetic caption (generated by an open-source VLM [29, 31]),
selected in order of availability. Likewise, the keyword text consists
of the engaged search keywords or the extracted Pin keywords,
selected in order of availability. We found that it was more e�ective
to coalesce the text sources as described above, rather than concate-
nate all of the available text into a single target string. Several works
have observed that CLIP text encoders exhibit a relatively short
e�ective context length [55], and highly detailed image descriptions
can reduce the performance of contrastive learning [32].

As in previous work, we have multiple choices for the image
and text encoders. We consider two in-house pretrained image
encoders [4] of varying sizes, which signi�cantly outperform open-
source vision models for this application. These models consist of
a convolutional neural network stem and a Funnel Vision Trans-
former trunk [12,17]. We consider two open-source text encoders of
varying sizes, speci�cally the SigLIP multilingual text encoders [53].

We adopt the sigmoid loss from SigLIP, which is a simple pairwise
loss that outperforms the traditional softmax loss used in previous
work [38]. This objective yields better downstream performance,
especially at smaller batch sizes, while also improving training
e�ciency. By processing each image-text pair independently, it
avoids the heavy communication between nodes that is required
to compute the global normalization factor. We describe the e�-
cient �chunked� implementation below, which further reduces the
signi�cant communication costs of multi-node training.

Consider a mini-batchB = ¹¹�1•)1º• ” ” ” •¹�=•)=ºº of image-text
pairs, and letB0 = ¹¹� 0

1•) 0
1º• ” ” ” •¹� 0

=•) 0
=ºº be the encoded represen-

tations where� 0
9 = � img¹� 9º and) 0

9 = � txt ¹) 9º for 9 2 f1• ” ” ” •=g.

For a set of devices of size� , we let1 = j B j
� be the per-device batch

size. We de�ne the per-instance loss as:

L 8 9= log¹1 ¸ 4z8 9¹ � Cx8�y9¸ 2ºº

wherex8 =
� 0
8

k� 0
8k2

andy9 =
) 0

9
k) 0

9k2
are the normalized image/text

representations, andz8 9is the label for a given image-text pair,
equaling 1 if they originate from the same Pin and� 1 otherwise,C
is the temperature, and2 is the bias. To improve convergence, we
setC= log 10and2 = � 10at initialization.

We de�ne the chunked sigmoid loss as follows:

L = �
1

jBj

�Õ

38=1

�Õ

39=1

1¹38¸ 1ºÕ

8=138

1¹39¸ 1ºÕ

9=139

L 8 9”

This is equivalent to the following simpli�ed loss calculation,
which materializes the full embedding similarity matrix:

L = �
1

jBj

j B jÕ

8=1

j B jÕ

9=1

L 8 9”
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3.2 Fusion Model Architecture
The fusion model introduces the following key modi�cations to the
image-text model. First, we introduce a new objective that aligns
the representations of query Pins and target Pins. These Pin pairs
are sampled from a large-scale (pruned) Pin-Board graph, where an
edge exists between a Pin and a Board if a user has saved the Pin to
a given Board, which is a collection of Pins on the same topic. This
manual curation signal yields an extremely valuable bipartite graph,
which has been widely used at Pinterest for e�cient candidate
generators [18] and engagement-based embeddings [2, 18, 49].

The fusion encoder� fsn¹�º computes the image and text represen-
tations of the Pin, and applies a Transformer aggregator, consisting
of 2 layers, to the unpooled visual and textual tokens, yielding a
multimodal embedding" 0

9 = � fsn¹� 9•)9º. For this task, we use the
descriptive text associated with the Pin. We adapt the sigmoid loss
to enforce the similarity of the paired multimodal representations.
As above, we normalize the resulting multimodal embedding. We

let u8 =
" 0

8
k" 0

8k2
andv9 =

" 0
9̧ =•2

k" 0
9̧ =•2k2

are the normalized multimodal

representations for8• 92 »=
2¼andw8 9is the label for a given pair of

Pins, equaling 1 for neighbor Pins and� 1 otherwise,Cis the tem-
perature, and2 is the bias. We extend the pairwise loss from [53]
and de�ne the per-instance loss as:

L 8 9= log¹1 ¸ 4w8 9¹ � Cu8�v9¸ 2ºº

3.3 Training Data
The training dataset consists of two main formats: image-text pairs
and Pin neighbor pairs. The �rst format supports the traditional
image-text alignment objective. The second format is introduced
to support the multimodal fusion objective.

3.3.1 Image-Text Pairs.Each image is paired with text captions that
describe the image. The text captions come from a variety of sources,
such as user-provided (e.g., Pin titles and descriptions) or generated
by an image captioning model. We choose the highest quality text
source for each Pin. There are 889,767,355 unique images in the
PinText dataset. To improve the quality of the image-text pairs,
we calculated image-text alignment scores (via the CLIPScore [38]
method using OpenAI's CLIP-L as the reference model) and �ltered
out all pairs whose alignment score was below a tuned threshold.

3.3.2 Neighbor Pairs.For each query Pin, we sample# = 5similar
Pins to produce# query-positive pairs. The intent is that each
query Pin and positive Pin should be semantically similar to each
other. The sampling is done by performing random walks over
the Pin-Board graph, starting at the query node, aggregating the
visited nodes, and choosing the top# visited nodes. For context,
the Pin-Board graph is a graph data structure where each node is a
Pin or a Board, and an (undirected) edge connects a Pin to a Board
if a Pin is present in a Board. For e�ciency, we �rst compute the
top  = 50pairs for each query o�ine, and then sample# pairs
from the cached results. We observed a small bene�t to weighted
sampling by the visit count vs. uniform random sampling..

3.4 Training E�ciency
The vision encoder design is a critical factor in improving the
training e�ciency. Adopting a simple Vision Transformer backbone

dramatically increases the GPU resource requirements (by a factor
of 2-4x) to achieve the same level of performance. Furthermore,
we observed bene�ts from partial freezing of the vision encoder.
This approach resulted in no degradation of the model quality
in our experiments. In fact, freezing several Transformer layers
was found to improve the downstream performance, similar to
prior �ndings on locked image-tuning (LiT) [54]. We attribute this
result to the high quality of the pretrained in-house image encoder,
which is trained on a multi-label classi�cation task [4]. To further
improve the training e�ciency, we adopted FlashAttention-2 [13]
and activation checkpointing techniques, which improved training
throughput by 15% and reduced GPU memory usage by 32%.

3.5 Signal Productionization
To reduce serving costs and ease signal adoption for downstream
consumers, we explored reducing the embedding dimensionality via
Matryoshka Representation Learning (MRL) [26]. As the model was
trained with the MRL loss for pre�xes 64d (64 dimension), 128d,
and 256d (full), we publish reduced-dimensionality embeddings
for downstream consumers to ingest, since ingesting the full 256d
embeddings could be infeasible for cost and resource reasons. We
found that the 64d pre�x embedding o�ers an acceptable tradeo�
between representation quality and serving costs. To ensure that
the embeddings can be easily utilized for downstream retrieval
systems like approximate nearest neighbor search via inner-product
distance, we perform L2 normalization of the pre�x embedding.

We additionally found that 8-bit a�ne quantization resulted in
negligible impact on retrieval quality, yielding further cost savings.

4 EXPERIMENTS
4.1 Evaluation Setup
We design our o�ine evaluation suite to re�ect the real-world per-
formance of the model in the production systems at Pinterest. We
consider �ve key evaluation tasks: PinText image-text retrieval, Re-
lated Pins image-image retrieval, Related Pins multimodal retrieval,
Search text-image retrieval and Search multimodal retrieval. For
the multimodal retrieval tasks, we use the fusion embedding as the
Pin representation, whereas the image embedding is used for the
other surface evaluations.

We sample 30k pairs from the PinText training dataset to form
the PinText evaluation dataset. For Related Pins and Search, we
sample 80k engaged pairs, where a user saved the target Pin for a
given text search query or query Pin. We include a 1.5M distractor
set for the surface evaluations. For a proper evaluation, we ensure
that the evaluation sets are disjoint from the training sets.

We compute the Recall@K metric for each evaluation task. Specif-
ically, we evaluate whether the proposed method can retrieve the
correct positive embedding among a set of random negative em-
beddings, given the query embedding. Given a set of query embed-
dings&, positive embeddings%, and negative embeddings# , the
Recall@K metric is de�ned below, wherej& j denotes the number
of query embeddings and the similarity metric isB¹=1•=2º = =)

1=2.

Recall ¹&• %• #º =
1

j& j

j& jÕ

8=1

1fj f = 2 # j B¹&8•=º � B¹&8• %8º gj Ÿ  g

4
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Image Encoder Text Encoder R@1 R@5 R@10

Image-to-Text Retrieval

Hybrid-ViT-B (130M) Transformer-B (278M)56”2 71”1 75”7
Hybrid-ViT-B (130M) Transformer-L (700M)60”3 73”9 78”3
Hybrid-ViT-g (922M) Transformer-B (278M)67”2 79”3 82”7
Hybrid-ViT-g (922M) Transformer-L (700M)70”3 81”8 84”9

Table 1: Assessment of the impact of model scaling per
modality on PinText image-to-text retrieval performance.

4.2 Training Procedure
We train with a global batch size of 32,768 for the image-text align-
ment task and 4,096 for the neighbor alignment task using 64 H100
GPUs. We train for 150,000 steps, processing� 6B images in total.
We use a warmup phase of 6,000 steps, followed by cosine decay of
the learning rate to zero. The base learning rate is2� 10� 4, and the
optimizer is Lion [6]. We found it bene�cial to employ a 10x lower
learning rate for the text encoder. We used a weight decay value of
5� 10� 4 for the image encoder and fusion aggregator and a weight
decay value of5 � 10� 1 for the text encoder based on grid search.

4.3 Main Results
The main results are presented in Figure 2. We �nd that the PinCLIP
Fusion model signi�cantly outperforms the PinCLIP image-text
model on the surface retrieval tasks (+39% Search, +44% Related
Pins) due to the introduction of (1) the cross-modal fusion architec-
ture and (2) the neighbor alignment objective. Our method signi�-
cantly outperforms prior internal content-only embedding models,
such as OmniSearchSage [1] and Uni�ed Embedding [51], and state-
of-the-art public multimodal embedding models [3, 5, 38, 44, 53].

4.4 Ablation Studies
For these experiments, we train with a shorter training schedule
consisting of 30k steps (� 1B examples seen) using the PinCLIP
Fusion model architecture, unless otherwise stated.

4.4.1 Impact of Model Size.To understand the impact of model
size on the task performance, we trained models at four scales.

We train with two di�erent in-house image encoders, each of
which is pretrained on a multi-label classi�cation task [4]. �Hybrid-
ViT-B� (130M) is a smaller image encoder consisting of a ResNet-
9 [21] stem and a �Funnel-ViT-Base-6x3� trunk. Speci�cally, the
Vision Transformer consists of 3 modules with 2 intermediate fun-
neling operations. The hidden dimension is 768, the MLP dimension
is 3072, the layers per module is 6, and the number of heads is 12.
�Hybrid-ViT-g� (922M) is a larger image encoder consisting of an
InceptionNeXt-Tiny [50] stem and a �Funnel-ViT-giant-12x3� trunk.
In this case, the hidden dimension is 1408, the MLP dimension is
6144, the layers per module is 12, and the number of heads is 16.

We train with two di�erent multilingual pretrained text encoders
from SigLIP [53]. �Transformer-B� (278M) is a smaller text encoder
consisting of 12 layers with width of 768 and 12 heads. �Transformer-
L� (700M) is a larger text encoder consisting of 27 layers with width
of 1152 and 16 heads. The vocabulary size is 250k for each model.

The results are presented in Table 1. We observe consistent gains
from increased model capacity for each modality.

(a) PinText

Method Name R@1

Image-to-Text Retrieval

CLIP-B [38] 29”4
CLIP-L [38] 35”7
mSigLIP-So [53] 58”6
PEcore-G [5] 60”5
SigLIP2-g [44] 62”0
MetaCLIP2-g [35] 63”8
Qwen-ViT [3] 60”9

PinCLIP Image-Text 76.7
PinCLIP Fusion 76.4

(b) Search

Method Name R@10

Text-to-Image Retrieval

CLIP-B [38] 9”3
CLIP-L [38] 12”4
mSigLIP-So [53] 24”3
PEcore-G [5] 23”6
SigLIP2-g [44] 26”7
MetaCLIP2-g [35] 27”4
Qwen-ViT [3] 29”7

PinCLIP Image-Text 32”0
PinCLIP Fusion 41.6

Multimodal Retrieval

OmniSearchSage [1] 34”9
Qwen-ViT [3] 39”7

PinCLIP Fusion 44.5

(c) Related Pins

Method Name R@10

Image-to-Image Retrieval

CLIP-B [38] 19”7
CLIP-L [38] 22”7
mSigLIP-So [53] 35”1
PEcore-G [5] 35”3
SigLIP2-g [44] 35”7
MetaCLIP2-g [35] 33”8
Qwen-ViT [3] 29”1
Uni�ed Embedding [51] 31”4

PinCLIP Image-Text 40”2
PinCLIP Fusion 48.2

Multimodal Retrieval

Qwen-ViT [3] 38”5

PinCLIP Fusion 58.2

Figure 2: Retrieval results (Recall@K) for the key evaluation
tasks of PinText, Related Pins, and Search.
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Figure 3: Assessment of the impact of dataset scaling on
PinText image-to-text retrieval performance.
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Figure 4: Assessment of the impact of freezing image encoder
layers on PinText image-to-text retrieval performance.

4.4.2 Impact of Dataset Size.We study the impact of dataset size,
varying the dataset sampling ratio from 3% to 100% and observ-
ing the impact on image-text retrieval performance. In these ex-
periments, the number of samples seen is held constant, with ap-
proximately 1B samples seen in these experiments. The results are
presented in Figure 3, showing a clear bene�t to larger datasets.

4.4.3 Impact of Freezing Layers.In the contrastive tuning para-
digm explored by LiT [54], a strong, pretrained image encoder is
used as the image tower. Over the course of training, the image
tower and text tower weights may be locked or unlocked. While
LiT [54] proposes locking all of the image tower weights, we �nd
that unlocking several of the �nal layers yields better performance.
We study the optimal number of image encoder layers to unlock
in Figure 4. We �nd that unlocking the �nal 12 layers of the image
encoder yields the best downstream performance while also sig-
ni�cantly improving the training e�ciency. Consistent with the
�ndings in LiT [ 54], we saw no bene�t to locking layers of the text
tower. In Table 2, we report the impact on GPU memory usage and
training throughput for a single-node training benchmark setup.

Locked Layers GPU Memory (GB) Throughput (img/s)

0 69”37 1223
12 58”19 (-16.1%) 1418(+15.9%)

24 48”67 (-29.8%) 1572(+28.5%)

36 41”38 (-40.3%) 1658(+35.5%)

Table 2: Assessment of the impact of freezing image encoder
layers on 1-node training e�ciency (memory/throughput).

Online Metric Homefeed Related Pins Search

Sitewide Repins +0.20% +0.37% N/A
Surface Repins +0.91% +1.84% +0.96%
Surface Fresh Repins +5.02% +14.15% +15.35%

Table 3: Online A/B tests by adding PinCLIP as a feature into
the ranking models in Homefeed, Related Pins and Search.

Related Pins Search
Sitewide Repins Sitewide Fresh Repins Ful�llment Rate

+0.36% +2.3% +0.34%

Table 4: Online A/B tests by using PinCLIP-based candidate
generator in Related Pins and Search.

4.5 Online A/B Testing
To evaluate the utility of our proposed multi-modal embeddings,
we perform online A/B experiments across the major surfaces at
Pinterest, including Homefeed, Related Pins and Search.

4.5.1 Ranking Models.We added PinCLIP as a new feature into
the ranking models in di�erent surfaces. We ran A/B online ex-
periments over more than 2 weeks of data to collect the online
impact. The control group is the production ranking model without
the PinCLIP feature, and the treatment group is the production
model with PinCLIP. For the metrics, we measure surface-level and
sitewide repins, which is the most common user action type at
Pinterest. Meanwhile, we also measure the number of user repins
on fresh content on each surface, where fresh content is de�ned as
new content with age less than 28 days.

The online results are shown in Table 3. We see signi�cant gains
in surface repins for all three main surfaces on Pinterest, which also
led to signi�cant site-wide repin gains on Homefeed and Related
Pins. The sitewide repins for Search is not signi�cant as the surface
contributes fewer repins, relative to the other surfaces. We also
see PinCLIP is extremely e�ective on distributing fresh content,
leading to about 15% fresh repin gains on Related Pins and Search.

4.5.2 Candidate Generators.We study how to leverage PinCLIP
as a new candidate generator to retrieve candidates on Search and
Related Pins. On Search, we used the text embedding produced by
the PinCLIP model to encode the search query, and used the fusion
embedding from the PinCLIP model to encode the image corpus.
On Related Pins, we used the fusion embedding to encode both the
query pin and the image corpus. For all candidate generator exper-
iments, we used the approximate nearest neighbor (HNSW) [34]
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Figure 5: Qualitative comparison of PinCLIP and OmniSearchSage [1] retrieved candidates on production-scale search corpus.
Relevant candidates are highlighted in blue, whereas irrelevant candidates are highlighted in red. PinCLIP produces more
semantically similar results compared to competitive baselines for both using text queries or image as inputs.

algorithm to retrieve the top : candidates based on the similari-
ties of the dot product between the candidate embedding and the
context embedding (search query or query pin).

As we can see in Table 4, the addition of the PinCLIP candidate
generator in Related Pins led to a significant improvement in the
number of repins throughout the site and the number of fresh
repins throughout the site. In Search, the fulfillment rate is defined
as the percentage of search sessions with positive user engagement
actions, such as repins, shares, long-clicks, etc. We also observed a
significant gain in the search fulfillment rate. These experiments
have demonstrated the general effectiveness of PinCLIP on both
early-stage retrieval and late-stage ranking models.

4.6 Qualitative Study
In Figure 5, we compare the retrieved results between the Om-
niSearchSage [1] and our PinCLIP fusion model, when using both
text queries or image as input. As we can see, in Figure 5(a), Pin-
CLIP successfully preserves object attributes (color, material) along
with object-level relationships (“bag on a chair”). In (b) PinCLIP
successfully handles long text queries with multiple details. In (c),
we compare PinCLIP results against our existing image embedding
retrieval system. While both embeddings perform well on visual

queries, we generally find that PinCLIP can yield better results.
These qualitative studies further validate the general effectiveness
of our proposed approach.

5 CONCLUSION
This paper introduces PinCLIP, a large-scale visual representation
learning approach developed by Pinterest to enhance its retrieval
and ranking recommendation models. The core innovation lies
in enhancing established multi-modal models like CLIP [38] and
SigLIP [53] through a novel neighbor alignment objective. This
objective leverages valuable implicit user feedback from Pinterest’s
Pin-Board graph to ensure that Pins engaged by similar users have
closer representations. The paper also provides a practical solution
for scalably training and serving these multi-modal representations
within a production recommendation system. Online experiments
have validated the superior effectiveness of PinCLIP embeddings,
showing significant improvements in engagement metrics across
multiple surfaces for both retrieval and ranking models, most no-
tably an increase of up to 15% in fresh repins (saves for recently
created content), which is crucial for solving the cold-start problem
in recommender systems.
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