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Abstract retrieval tasks, where capturing the global docu-

We introduce pplx-embed, a family of multi-
lingual embedding models that employ multi-
stage contrastive learning on a diffusion-
pretrained language model backbone for web-
scale retrieval. By leveraging bidirectional
attention through diffusion-based pretraining,
our models capture comprehensive bidirec-
tional context within passages, enabling the
use of mean pooling to better preserve global
context across long documents. We release
pplx-embed-v1 for standard retrieval, and
pplx-embed-context-v1 for contextualized em-
beddings that incorporate global document
context into passage representations. pplx-
embed-v1 achieves competitive performance
on the MTEB(Multilingual, v2), MTEB(Code),
BERGEN, and ToolRet retrieval benchmarks,
while pplx-embed-context-v1 sets new records
on the ConTEB benchmark.

1 Introduction

Dense textual embeddings are a crucial part of
search systems, as they map queries and documents
into a shared semantic space, in which informa-
tion can be retrieved efficiently via approximate
nearest neighbor search. The recent development
of large language models has increasingly shifted
embedding model training toward employing pre-
trained decoder-only LLMs to leverage their pre-
existing knowledge and improve embedding qual-
ity (Zhang et al., 2025b; Jiang et al., 2024; Lee
et al., 2025). We investigate diffusion-based lan-
guage models (Austin et al., 2021; Nie et al., 2025b)
as an alternative paradigm. Diffusion language
models employ transformer encoders with bidirec-
tional attention, enabling more comprehensive con-
text modeling compared to causally masked autore-
gressive models (Zhang et al., 2025a). This archi-
tectural difference is particularly advantageous for
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ment context is essential.

We present pplx-embed, a family of multilingual
text embedding models employing multi-stage con-
trastive learning on a diffusion-pretrained language
model backbone for web-scale retrieval. Contin-
ued pretraining via a diffusion objective converts
a causally masked LLM backbone into a bidirec-
tional encoder. Further contrastive training on
large-scale question-document pairs, as well as
triplet data, aligns the embedding space geome-
try with semantic similarity. We release two model
types: pplx-embed-v1 for standard retrieval and
pplx-embed-context-v1 for encoding passages with
respect to document-level context. Both models
are released in 0.6B- and 4B-parameter scales. Our
models are not instruction-tuned, eliminating the
need for users to maintain instruction prefixes.

The pplx-embed family employs native INTS8
quantization-aware training, producing compact
embeddings with minimal performance loss. pplx-
embed-v1 achieves competitive or superior results
on MTEB(Multilingual, v2) (Enevoldsen et al.,
2025; Muennighoff et al., 2023), MTEB(Code),
ToolRet (Shi et al., 2025), and the BERGEN (Rau
et al, 2024) RAG benchmark, where pplx-
embed-v1-0.6B outperforms the larger Qwen3-
Embedding-4B on three of five tasks. pplx-
embed-context-v1 sets a new state-of-the-art on
ConTEB (Conti et al., 2025), surpassing voyage-
context-3 and Anthropic Contextual. We also eval-
uate pplx-embed-v1 on internal web-scale bench-
marks and report the results.

Related Work. Contrastive learning is the
dominant paradigm for training text embed-
dings (Reimers and Gurevych, 2019; Gao et al.,
2021; Izacard et al., 2022; Neelakantan et al., 2022;
Santhanam et al., 2022). Recent work has inte-
grated quantization into this process, from Con-
trastive Quant in computer vision (Fu et al., 2022)



to EmbeddingGemma’s quantization-aware finetun-
ing for weight-quantized variants (Vera et al., 2025).
Moreover, Huerga-Pérez et al. (2025) perform sys-
tematic evaluations of post-training quantization
for RAG-based use cases. Our work, in contrast,
targets quantization-aware training of embeddings
for web-scale retrieval.

Diffusion language models have been proposed
as an alternative to autoregressive LMs (Austin
et al., 2021; Nie et al., 2025b; Gong et al., 2025),
and a first systematic study of diffusion-based text
embeddings highlights the importance of bidirec-
tional attention for long-document context (Zhang
et al., 2025a). We build on this work with contin-
ued pre-training of diffusion-LM as the backbone
for training embeddings, extending masked-LM-
style finetuning for retrieval-oriented BERT mod-
els (Devlin et al., 2019; Reimers and Gurevych,
2019; Giinther et al., 2023; Chen et al., 2024).

Related work on contextual embeddings ranges
from training document representations with re-
spect to neighbors (Morris and Rush, 2025), chunk-
level in-sequence training in ConTEB (Conti et al.,
2025) to training-free late-chunking in (Giinther
et al., 2024). ConTEB also proposes a benchmark
for context-aware evaluation (Conti et al., 2025).
Our work builds upon these foundations by em-
ploying multi-stage contrastive training with a spe-
cialized dual-loss objective.

2 PPLX Embedding

This section presents our training framework for
learning high-quality embeddings for retrieval
through a multi-stage curriculum. We combine four
distinct training paradigms in a branched fashion,
followed by a merging and selection stage. Figure 1
shows a schematic illustration of our pipeline.

In the first training stage, described in Sec. 2,
we perform continued pretraining of a decoder-
only transformer on a diffusion objective, allowing
it to use bidirectional self-attention. Subsequent
training on query-document pairs (Sec. 2) estab-
lishes basic semantic alignment of sequence-level
embeddings. Following this, a contextual stage
(Sec. 2) trains chunk-level embeddings, allowing
the model to identify relevant passages within doc-
uments. The pplx-embed-context-v1 model is ob-
tained from this training stage. We perform triplet
training with hard negatives (Sec. 2) on checkpoints
obtained after pair and contextual training, refining
boundaries between similar but non-relevant docu-

ments. For model merging, we employ Spherical
Linear Interpolation (Shoemake, 1985) between
the contextual and triplet checkpoints with a mix-
ing coefficient of 0.75 in favor of the triplet model,
selected via parameter sweeping, and obtain pplx-
embed-v1.

Continued Diffusion Pretraining. Following
the methodology of Gong et al. (2025), we train
two bidirectional diffusion language models via
continued pretraining of existing autoregressive
decoder-only backbones. Considering the state-
of-the-art performance of the Qwen3 family (Yang
et al., 2025), we choose Qwen3—0.6B1 and 4B? as
our base models.

We disable causal attention masking and train
the resulting transformer encoders to reverse a cor-
rupting noise process. We adopt a continuous-time
formulation (Shi et al., 2024) and an absorbing state
process in which, at timestep ¢ € [0, 1], each token
has decayed to the absorbing [MASK] state indepen-
dently with probability ¢. To represent the [MASK]
state, we repurpose a rarely used token from the
Qwen3 vocabulary. Following prior work (Gong
et al., 2025; Ye et al., 2025; Nie et al., 2025b), we
preserve the left-shift operation that is applied dur-
ing autoregressive pretraining. Although we also
performed experiments with annealing the causal
attention mask (Gong et al., 2025), we did not ob-
serve substantial performance improvements and
did not pursue this technique further.

During training, we sample ¢ ~ 1/(0.001, 1) for
each input sequence independently and mask each
token in the input sequence with probability . We
train our models via the standard evidence lower
bound, which is given by the sum of token-wise
cross entropies at masked positions, scaled by 1/t.
For a more detailed description of the training setup
and datasets, we refer the reader to App. A.

Pooling and Quantization. To produce embed-
dings, we pool token-level representations ex-
tracted from the backbone model into a sequence-
level representation. While recent embedding mod-
els based on decoder-only transformers (Zhang
et al., 2025b; Tang and Yang, 2024) typically em-
ploy last-token pooling, our bidirectional architec-
ture allows the application of mean pooling. We
propose a pooling method that natively combines
mean pooling with quantization. Given token-wise

1https: //huggingface.co/Qwen/Qwen3-0.6B-Base
Zhttps://huggingface.co/Qwen/Qwen3-4B-Base
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Figure 1: Training pipeline of pplx-embed-v1 and pplx-embed-context-v1.

embeddings (v;)X, € RL*4 for a sequence of

length L, we define the sequence-level embedding:

1 & 1
\‘127 - tanh <L ;vl> + 2J .

The resulting vector has integer entries in
{—127,...,127}, which are representable as
signed 8-bit integers. We employ the quantization
above not only during inference, but also during
all contrastive training stages. We use straight-
through gradient estimation (Bengio et al., 2013)
to backpropagate through the non-differentiable
rounding operation. The quantized embeddings are
compared via their cosine similarity.

We also support binary quantization by setting
each dimension of the embedding vector to —1 or
1 based on its sign. While an embedding model
could be trained using binary quantization with
straight-through gradient estimation, we find that
post-training binarization achieves minimal perfor-
mance loss.

Pair Training. Pair training represents the first
contrastive learning stage, establishing founda-
tional semantic alignment between queries and doc-
uments. The model learns to maximize the similar-
ity of queries with their corresponding documents
and minimize the similarity with unrelated ones.
We employ an InfoNCE contrastive loss, which
contrasts queries simultaneously against in-batch
documents and other in-batch queries. Given a
set of N query-document pairs, we obtain corre-
sponding embedding vectors q; € R and d; € R?
from our encoder for ¢ = 1, ..., N. For a tempera-

ture 7 > 0, the loss is defined as:

N
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some terms, and s(q;,d;) = m being the

cosine similarity. Inspired by Zhang et al. (2025b),
we design the masking function m to mitigate the
effects of false negative samples. It compares the
similarity of each in-batch negative to the query
against that of the positive pair. When a negative
sample’s similarity exceeds that of the positive pair
by more than 0.1, indicating potential semantic rele-
vance, and thus a likely false negative, the function
masks its contribution, thereby preventing distor-
tion of the learned representation space.

Pair training is conducted in three steps to gradu-
ally incorporate non-English data: first, the model
is trained only on English, then on English and
cross-lingual data, and finally on the entire pair
dataset containing multilingual samples. Details on
the training setup are provided in App. B.

Contextual Training. Contextual training is an
approach for training embedding models on long
documents divided into chunks such that the em-
bedding of each chunk retains contextual informa-
tion from the whole document. Given N query-
document pairs where each document contains C
chunks, d; = {c;x}{_,, we compute embedding
vectors ¢;; € RY for chunk k& from document
1. We use a dual-objective loss function to cap-
ture local chunk-level semantics as well as global



document-level representations. Inspired by Conti
et al. (2025), we define the local loss as a combi-
nation of the in-batch and in-sequence losses for
chunks. For the in-sequence contrastive loss, the
target (gold) chunk from a document is treated as
the positive sample, and all remaining chunks from
the same document are used as negatives. In con-
trast, for the in-batch loss, the gold chunk remains
the positive sample, but the negatives are defined as
all other chunks in the batch, including those from
the same document. Using mean pooling and INT8
quantization to obtain the chunk-level embeddings,
we define the sequence loss as:

L9 = ——Z og
=1

with c¢;, representing the embeddlng of the gold
chunk. Furthermore, the in-batch loss is:

S
Nz 1 j IZk

The final local loss is then calculated by:
=al*® 4 (1

In our experiments, we set o = 0.2.

For the global loss, we employ an InfoNCE ob-
jective to model query-document similarities. How-
ever, multiple queries within a batch may corre-
spond to the same document, which would erro-
neously treat duplicate documents as negatives and
introduce false negatives during training. To mit-
igate this, we identify and mask duplicate docu-
ments in the batch by comparing their hashes. Let
h(d) be a hash function mapping documents to
identifiers (e.g., MDS5). We introduce a duplicate
indicator masking matrix M/9P:

M 0, if h(d;) = h(d;) and i # j,
s 1, otherwise.
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Similar to the pair loss, we apply similarity thresh-
old masking and include query-query negatives.
Combining these with duplicate document mask-
ing, we define the global loss as:
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For the total loss, pplx-embed-context-v1 combines
local and global losses with a scheduled weight
B. We use a cosine schedule starting at 5 = 0.2
with a final target value of 0.5. The goal is for the
model to first focus on learning local chunk-level
semantics and gradually include document-level
learning to mitigate forgetting of coarse document-
level semantics. The total loss is:

Econtext
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We provide details of the training setup in App. B.

Triplet Training. Triplet training extends tradi-
tional pairwise contrastive learning by incorporat-
ing explicit hard negative examples alongside pos-
itive documents, enabling models to learn more
discriminative embeddings through fine-grained
relevance distinctions. Given a set of N query-
document triplets, we compute embeddings {dfk €
Rd}gzl corresponding to the hard negatives of the
query q; € R The triplet contrastive InfoNCE
loss is then formulated as:
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App. B presents more details of the training setup.

Datasets for Contrastive Learning. For con-
trastive training, we employ English, multilingual,
and synthetic datasets. The final set contains 65.6%
English, 6.7% cross-lingual, 1% code, and 26.7%
multilingual samples from 60 different languages.
Contextual training is performed on the ConTEB
training data, as well as data synthesized from the
MLDR training set. Triplet training uses consid-
erably less but higher-quality data, spanning 12
datasets. Of this data, 92% is English, 1% is code,
and 7% consists of multilingual text covering 15
different languages.

All synthetic training data are generated us-
ing LLM-based synthesis with the Qwen3-30B-
A3B-Instruct-2507 model. Inspired by Zhang
et al. (2025b), our synthesis pipeline employs a
two-stage persona-based approach to create di-
verse query-document pairs from web-scale cor-
pora based on the top-5 relevant personas. For
contextual training, we utilize a similar pipeline
that generates synthetic queries for passages in a
given document.



3 Evaluations

MTEB. We report the average performance on
the 18 retrieval tasks from MTEB(Multilingual,
v2) and 12 tasks from MTEB(Code) in Table 1.
On MTEB(Multilingual, v2), our 4B model, pplx-
embed-v1-4B, outperforms gemini-embedding-
001 on average while closely rivaling Qwen3-
Embedding-4B. Our 0.6B-parameter model out-
performs its Qwen counterpart. On MTEB(Code),
pplx-embed-v1-4B outperforms text-embedding-3-
large and gemini-embedding-001 but is slightly be-
hind Qwen3-Embedding-4B. pplx-embed-v1-0.6B
outperforms its Qwen3 counterpart. Per-task evalu-
ations and more details are provided in App. C.
To compare the performance-storage trade-offs,
we also investigate the storage-efficiency of embed-
ding models in Table 1 by reporting the number of
documents that can be stored per megabyte (MB).
Higher values indicate more storage-efficient repre-
sentations, demonstrating more documents can be
stored within the same memory or storage budget.
As can be seen, the pplx-embed-v1 series demon-
strate superior efficiency, with the INT8 and binary
variants of pplx-embed-v1-4B achieving compa-
rable retrieval scores at 390 and 3,125 Docs/MB,
respectively. These results highlight pplx-embed-
v1’s dominance in low-storage regimes, enabling
compression with minimal accuracy trade-offs.

ConTEB. We evaluate our models on the Con-
TEB (Conti et al., 2025) benchmark using the
evaluation framework cde_benchmark?, a stan-
dardized toolkit for assessing chunk-level retrieval
performance. When a contextual model is pro-
vided, the toolkit employs late-chunking (Giinther
et al., 2024) for encoding chunks. In our eval-
uations, we perform quantization on the pooled
chunk embeddings and compute cosine similarity
between query embeddings and all chunk embed-
dings, ranking chunks by similarity score. Our
evaluations are conducted on eight diverse datasets
from the ConTEB suite. App. D provides more
details of the evaluation process. In Table 2,
we provide a comparison of the nDCG@10 for
contextual and non-contextual models. Our re-
sults show that pplx-embed-context-v1-4B yields
the best performance while pplx-embed-context-
v1-0.6B ranks third, outperforming contextually-
trained ModernBERT-Large and Anthropic Con-
textual Retrieval, but trailing the voyage-context-3

Shttps://github.com/illuin-tech/conteb

model.

BERGEN. To demonstrate the effectiveness
of pplx-embed-v1 in large-scale RAG pipelines,
we present evaluations of the BERGEN bench-
mark (Rau et al., 2024). We index the KILT
Wikipedia dump (Petroni et al., 2021), consist-
ing of 24.8 million non-overlapping 100-word pas-
sages, using pplx-embed-v1, Qwen3-Embedding,
and BGE-M3. Following Rau et al. (2024), we
evaluate the five Question Answering tasks that
benefit most from retrieval augmentation and re-
port the results in Table 3. For each question, the
top-5 retrieved passages are presented to Qwen?2.5-
32B-Instruct*, which generates an answer. In Ta-
ble 3, we report the match metric, measuring the
proportion of generated answers that contain the
corresponding ground-truth label. The pplx-embed-
v1-4B model achieves the best results in three of the
five tasks, outperforming Qwen3-Embedding-4B in
four tasks. We also note that pplx-embed-v1-0.6B
outperforms Qwen3-Embedding-4B in three of the
five tasks, highlighting its strong performance de-
spite its small size. See App. E for details.

Tool Search. We evaluate our models on the
ToolRet benchmark (Shi et al., 2025), a compre-
hensive tool retrieval dataset consisting of 35 tasks
across three categories: Web (19 tasks), Code
(7 tasks), and Custom (9 tasks). The bench-
mark contains diverse queries requiring models
to retrieve relevant tools from a corpus of API
documentation, with evaluation metrics includ-
ing nDCG@10, Precision@10, Recall@10, and
Comprehensiveness@10. As shown in Table 8,
our pplx-embed-v1-4B model achieves an aver-
age nDCG @10 of 44.45%, ranking second overall
among all evaluated models and demonstrating par-
ticularly strong performance on the Web category
(42.07% nDCG@10). Despite using INT8 quanti-
zation, our models remain competitive with larger
full-precision baselines, with pplx-embed-v1-0.6B
achieving 43.05% average nDCG@10 while be-
ing significantly more efficient. Semantic retrieval
significantly reduces context explosion by iden-
tifying relevant tools from large API corpora, en-
abling more efficient context management. Full per-
category results are provided in Table 8 in App. F.

Internal Evaluations. Public benchmarks are
limited in fully capturing web-scale retrieval chal-

4https://huggingface.co/Qwen/QwenZ.
5-32B-Instruct
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Table 1: Storage efficiency (Documents per MB) and average performance (nDCG @ 10) on multilingual and code
retrieval tasks. Upper group: models >1B or unknown parameters; lower group: models <1B parameters. The best
score per group is in bold, second-best score underlined. ' represents INT8 quantization and  shows binary.

Model | Docs/MB | MTEB(Multilingual, v2) ~ MTEB(Code)
pplx-embed-v1-4Bf 390 69.66 78.73
pplx-embed-v1-4B* 3,125 68.22 78.11
qwen3-embed-4B 97 69.60 80.07
gemini-embedding-001 81 67.71 76.00
text-embedding-3-large 81 59.27 66.54
pplx-embed-v1-0.6BT 976 65.41 75.85
pplx-embed-vl-O.6Bi 7,812 61.44 73.91
gwen3-embed-0.6B 244 64.65 7542
embed-gemma-0.3B 325 62.58 68.76

Table 2: ConTEB Results. Models above the line are non-contextualized; below are contextualized. Abbreviations:
Covid (covid-qa), ESG (esg-reports), FB (football), Geo (geography), Ins (insurance), NQA (narrative-qa), SQ

(squad). * indicates numbers taken from Conti et al. (2025), T represents INT8 and ¥ shows binary.

Model | Avg | Covid ESG FB  Geo Ins MLDR NQA SQ
pplx-embed-v1-4BF 58.83 | 63.81 47.23 3426 7357 1496 79.76 81.66 75.38
pplx-embed-v1-4B* 5791 | 6229 46.83 3192 72.16 1575 79.10 80.82 74.38
pplx-embed-v1-0.6Bf 55.32 | 63.44 42.01 2929 63.60 10.13 79.84 80.71 73.50
pplx-embed-v1-0.6B} 5329 | 59.59 40.13 2596 60.83 11.09 7895 78.63 71.12
qwen3-embed-0.6B 49.36 | 49.10 3472 23.15 S58.11 12.65 7627 74.02 66.85
qwen3-embed-4B 54.81 | 5476 39.65 31.64 71.81 14.18 76.15 77.62 72.68
pplx-embed-context-v1-4BT 81.96 | 62.16 62.40 78.13 93.04 100 89.50 86.71 83.73
pplx-embed-context-v1-4B* 80.46 | 59.60 58.14 7649 9256 99.69 88.90 85.87 82.67
pplx-embed-context-v1-0.6BT | 76.53 | 56.21 46.92 71.43 89.38 99.28 8599 84.13 7891
pplx-embed-context-v1-0.6Bf | 71.69 | 50.28 33.85 66.35 86.99 9623 82.84 80.54 76.40
voyage-context-3 79.45 | 5543 54.00 79.56 92.85 100 89.24 81.79 82.70
modernBERT-Large* 756 | 56.0 43.1 639 90.7 100 88.7 813 809
anthropic contextual* 724 | 60.7 348 539 894 100 85.4 717 T1.1

Table 3: Match metric on the BERGEN benchmark
with Qwen/Qwen2.5-32B-Instruct as a generator. No
reranking is performed and answers are generated based
on the top-5 retrieved passages. The standard retrieval
prompt is prepended to queries for Qwen3-Embedding..
Dataset abbreviations: K-NQ (KILT-NQ), K-HotQA
(KILT-HotpotQA), K-TQA (KILT-TriviaQA). T repre-
sents INT8 quantization.

Model | KNQ K-HotQA K-TQA ASQA  PopQA
pplx-embed-v1-4BT 67.7 51.9 91.9 71.5 68.7
pplx-embed-v1-0.6BT | 67.2 51.6 91.0 72.6 70.0
gqwen3-embed-4B 67.1 50.2 91.5 72.7 66.4
gwen3-embed-0.6B 63.0 472 88.3 66.9 63.9
bge-m3 66.8 493 89.4 69.4 68.5

lenges such as noisy documents and distribution
shifts in production. To benchmark performance
in realistic deployment scenarios, we built inter-
nal web-scale benchmarks with up to 115K real-
world queries spanning over easy-to-hard difficulty,
evaluated against more than 30 million documents
pooled from over 1 billion web pages. More specif-
ically, we construct the PPLXQuery2Query bench-

mark from real search logs spanning five consecu-
tive days from our production search system. We
also create PPLXQuery2Doc comprising 15,000
queries, with 9,380 in English and 5,620 in other
languages. Details of the benchmark constructions
as well as the performance comparisons are pro-
vided in App. G. We demonstrate that pplx-embed-
vl consistently outperforms Qwen3-Embedding
and BGE-M3 at all corpus scales, with gains of up
to 5 Recall @10 percentage points at the 4B scale
and up to 16 points at the 0.6B scale.

4 Diffusion vs. Autoregressive Pretraining

We perform an ablation study to demonstrate the
effectiveness of diffusion pretraining and bidirec-
tional attention. Starting from pretrained base mod-
els, we perform a small number of contrastive pair
training steps and evaluate the performance of the
resulting embedding models. We evaluate four
configurations derived from two base models and
two pooling strategies. We compare the causally
masked Qwen3 base model (denoted as Qwen3)
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Figure 2: Smoothed training loss using exponential moving average with o = 0.02.

Table 4: Effect of continued pretraining on selected tasks. Qwen3 refers to the causally masked Qwen/Qwen3-
0.6B-Base model, mean and last indicate mean pooling and last-token pooling, respectively. Dataset abbreviations:
Game (CQADupstackGamingRetrieval), Unix (CQADupstackUnixRetrieval), DBP (DBpedia), FEV (FEVER),
FiQA (FiQA2018), HotQ (HotpotQA), MIR (MIRACLRetrieval), MSM (MSMARCO), NFC (NFCorpus), NQ

(NaturalQuestions), SciD (SCIDOCS), SciF (SciFact).

Base Pooling | Game Unix DBP FEV FiQA HotQ MIR MSM NFC NQ SciD SciF | Avg
Qwen3 last 47.7 332 312 721 26.6 51.7 393 28.3 309 386 171 61.5 | 399
mean | 472 314 303 68.1 270 505 378 273 302 355 168 63.0 | 388
Diffusion last 48.6 320 30.8 67.1 28.8 51.8 414 31.1 29.1 382 157 614 | 39.7
mean 49.9 334 302 665 311 542 415 313 29.6 39.0 165 64.6 | 40.6

against a bidirectional backbone pretrained with
a diffusion objective (denoted as Diffusion). For
each backbone, we apply either mean pooling or
last-token pooling. The Qwen3 base model remains
causally masked during contrastive training, while
the diffusion base model uses bidirectional atten-
tion throughout training. We perform pair training
on English data for less than one epoch. The train-
ing loss, presented in Figure 2, serves as an initial
indicator of model performance. We find that the
model configurations using the bidirectional diffu-
sion backbone achieve substantially lower loss val-
ues compared to those initialized with the causally
masked Qwen3 model.

In Table 4, we further compare the performance
of the four variants on English retrieval tasks
consisting of the MTEB(En, v2) benchmark and
the English subset of MIRACLRetrievalHardNeg-
atives. We observe that the combination of mean
pooling and diffusion pretraining provides improve-
ments on a range of retrieval tasks, resulting in an
increase of ~1 percentage point on average. In
addition to modestly improving benchmark per-
formance, mean pooling is crucial for our contex-

tual embedding training, as it enables computing
many chunk-level representations from a single
document.

5 Conclusion

This report presented the pplx-embed model fam-
ily, which builds on diffusion-based language mod-
els with bidirectional attention to train embedding
models that better capture global document context.
Our multi-stage training pipeline progressively
shapes text representations for semantic alignment,
contextualized chunk encoding relative to full docu-
ments, and fine-grained relevance distinctions. We
provide four model variants—pplx-embed-v1 and
pplx-embed-context-vl at 0.6B and 4B parame-
ter scales—and show through extensive evaluation
on public and internal web-scale benchmarks that
they achieve strong retrieval performance while
offering practical deployment benefits via native
quantization-aware training that directly outputs
INTS8 and binary embeddings.



Limitations

Our work focuses on retrieval tasks, excluding
other applications such as classification, cluster-
ing and semantic text similarity. The continued
diffusion pretraining stage introduces additional
computational overhead in comparison to directly
fine-tuning the autoregressive backbone that was
not analyzed in this work. Our ablation comparing
diffusion and autoregressive backbones, although
insightful, is limited to a short pair training run on
the 0.6B model. Finally, our internal benchmarks
rely on proprietary search logs and corpora that
cannot be released, limiting reproducibility of our
internal results.
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Appendix

A Details on Continued Pretraining

Loss. We perform diffusion pretraining via the
standard evidence lower bound (ELBO) for a noise
process in which tokens decay to an absorbing
[MASK] state under a linear noise schedule. Given
a sequence xg of length L, this forward process is
modeled at timestep ¢ € [0, 1] by ¢(x¢|xo), where
each token of the noisy sequence x; has decayed to
the absorbing state independently with probability
t. We model the reverse process with our bidirec-
tional transformer pg. Indexing the [™" position of
the sequence z; via the notation :cé, we formulate

the loss as:

1
LFBO (20) = Eyos0.001,1) [t Eq(4)20) [

L
- Z 51@,[MA$K] log p9($€)|xt)} } .
1=2

Here, 6:2% MASK] denotes the Kronecker delta, tak-
ing the value 1 at masked positions and the value 0
otherwise. We note that the transformer py main-
tains a left-shift operation, and we do not prepend a
[BOS] token to input sequences. Hence, we cannot
make predictions for the first token of the masked
sequence and the sum consequently runs only over
the last L — 1 positions.

Data. Half of our training data consists of
English educational web pages from FineWeb-
Edu (Penedo et al., 2024), while the other half
covers 29 other languages with data sourced from
FineWeb2 (Penedo et al., 2025) and FineWeb?2-
HQ (Messmer et al., 2025). In Table 5, we list
the composition of the pretraining data. We fix
the prevalence of non-English languages accord-
ing to their relative word count in the FineWeb2
corpus (Penedo et al., 2025).

Training Setup and Hyperparameters. We
train our models for 60,000 steps with a global
batch size of 1024 and a sequence length of
4096. Thus, we perform pretraining on approx-
imately 250 billion tokens of multilingual text
data. Following Nie et al. (2025a), we truncate
1% of the training sequences to a randomly cho-
sen length to ensure that the models are exposed
to varying sequence lengths. We use an AdamW
optimizer (Loshchilov and Hutter, 2019) with a
warmup-stable-decay schedule and peak learning
rates of 5 x 104 and 3.16 x 10~ for the 0.6B and
4B models, respectively. The AdamW optimizer
uses a weight decay of 0.01, and we set the expo-
nential decay rates to 81 = 0.9 and B2 = 0.98. We
apply gradient clipping based on the /2 norm of the
gradients. Since the appropriate clipping threshold
depends on implementation details (e.g., loss scal-
ing), we do not state it here. The learning rate is
warmed up linearly over the first 6,000 steps and
decayed in a cosine schedule over the last 12,000
steps. We perform pretraining using automatic
mixed bfloat16 precision and the FlashAttention-
2 (Dao, 2024) implementation. We leverage the
resulting models exclusively for contrastive learn-
ing, evaluating them solely on embedding quality



Table 5: Composition of pretraining data.

Language Script Source Prevalence
eng Latn  FineWeb-Edu 50.00%
rus Cyrl  FineWeb2-HQ 9.22%
cmn Hani FineWeb2-HQ 8.51%
jpn Jpan  FineWeb2-HQ 5.19%
deu Latn  FineWeb2-HQ 4.11%
spa Latn  FineWeb2-HQ 4.10%
fra Latn  FineWeb2-HQ 3.46%
ita Latn  FineWeb2-HQ 2.18%
por Latn  FineWeb2-HQ 1.72%
nld Latn  FineWeb2-HQ 1.17%
pol Latn  FineWeb2-HQ 1.15%
ind Latn  FineWeb2-HQ 0.94%
vie Latn FineWeb2-HQ 0.80%
kor Hang FineWeb2 0.76%
tur Latn FineWeb2-HQ 0.66%
fas Arab  FineWeb2-HQ 0.62%
ces Latn  FineWeb2-HQ 0.56%
swe Latn  FineWeb2-HQ 0.56%
ron Latn FineWeb2 0.55%
arb Arab  FineWeb2-HQ 0.51%
nob Latn FineWeb2 0.50%
hun Latn  FineWeb2-HQ 0.48%
dan Latn  FineWeb2-HQ 0.44%
ukr Cyrl FineWeb2 0.40%
tha Thai FineWeb2 0.39%

ell Grek  FineWeb2-HQ 0.36%
fin Latn FineWeb2 0.32%
hin Deva FineWeb2 0.18%
ben Beng FineWeb2 0.10%
zsm Latn FineWeb2 0.09%

rather than generative performance.

B Details on Contrastive Training

The data used for each of our training stages dif-
fer in format, size, and language distribution. To
improve the quality of in-batch negatives, a single
batch is made up of data from a single dataset; the
target dataset is selected randomly with probability
proportional to the size of the dataset.

Pair Training. Our models are trained using con-
trastive learning with InfoNCE loss, where each
query uses all in-batch negative documents and all
other queries as negatives, with a temperature of
0.02. Critically, we apply INT8 tanh quantization
from the beginning of training, enabling the models
to learn representations optimized for reduced pre-

cision. Both pplx-embed-v1-0.6B and pplx-embed-
v1-4B are trained with a global batch size of 16,384
for 50,000 steps at a sequence length of 256 tokens.
We use learning rates of 2 x 10™% and 5 x 107
for the 0.6B and 4B models, respectively, selected
to balance training stability and convergence speed
across different model scales.

Contextual Training. We train both models ini-
tialized from the checkpoints obtained after pair
training with quantization applied during both train-
ing and inference. The training corpus comprises
four contextual retrieval datasets: synthetic MLDR
(LLM-generated queries), MLDR, NarrativeQA,
and SQuAD, all formatted with chunk-level annota-
tions for contextual embedding learning. Addition-
ally, we synthesize queries for MLDR chunks lack-
ing associated queries. During synthesis, we incor-
porate neighborhood information into our prompts
to avoid generating queries relevant to multiple
chunks. Documents are partitioned into chunks of
256 tokens with a fixed number of 16 chunks per
document.

We employ a hybrid Matryoshka (Kusupati et al.,
2022) dual-objective loss that combines global
document-level InfoNCE with a local loss, training
in six embedding dimensions [128, 256, 512, 1024,
20438, 2560] with equal weighting. The dual objec-
tive weight [ is scheduled from 0.2 to 0.5 during
training using a cosine annealing schedule. To mit-
igate false negatives, we implement three masking
strategies: relative similarity thresholding to mask
negatives within 0.1 of the positive similarity, dupli-
cate document masking, and query-query false neg-
ative masking where additional query-query simi-
larities serve as hard negatives for the global loss.
Training runs for 7,000 steps with AdamW opti-
mization (learning rate 10~°, weight decay 0.1)
and gradient clipping at 1.0. The 0.6B and 4B
models are trained with batch sizes of 128 and 16,
respectively. The temperature is set to 0.02.

Triplet Training. We perform triplet training us-
ing an InfoNCE loss. In this stage, each query
uses in-batch negative documents augmented with
3 mined hard negatives. We increase the sequence
length to 512 tokens and use a global batch size
of 512 with gradient accumulation of 4. The tem-
perature is set to 0.03. Both models are fine-tuned
for 2,000 steps, with learning rates of 5 x 1075
and 10~ for the 0.6B and 4B models, respectively.



C Details on MTEB Evaluation

We  provide per-task scores for the
MTEBMultilingual, v2) retrieval benchmark in
Table 6 and per-task scores for the MTEB(Code)
benchmark in Table 7. We evaluate pplx-embed-v1
with a sequence length of 1024 on all tasks
except LEMBPasskeyRetrieval, where we use
a sequence length of 16,384. We observe that
the SyntheticText2SQL task contains duplicate
documents in its corpus. To break the symmetry
between these duplicates, we inject small random
noise into our embeddings. Since the ArguAna
task requires the embedding model to find refuting
documents instead of supporting ones, we find
that prepending queries for this task with the
string "Given a claim, find documents that
refute the claim. Claim: " substantially
improves performance. Due to the special structure
of ArguAna, it is the only dataset where we apply
a prompt.

D Details on ConTEB Evaluation

Our ConTEB evaluation process employs two dis-
tinct contextual embedding strategies depending on
document characteristics. For standard-length doc-
uments, we use the ContextualEmbedder, which
generates contextual embeddings by incorporat-
ing surrounding chunk information during encod-
ing. For exceptionally long documents (notably
the ESG Reports dataset, which contains docu-
ments exceeding 30,000 tokens), we implement the
FixedContextualEmbedder with a fixed partition-
ing strategy that divides documents into overlap-
ping segments of configurable size (default: 10,000
tokens with 35-chunk overlap).

E Details on BERGEN Evaluation

Embedding Models. Within the BERGEN
framework, we implement a custom retriever class
that uses the official sentence-transformers imple-
mentations of pplx-embed-v1, Qwen3-Embedding,
and BGE-M3, ensuring fair evaluations. When en-
coding queries, we set prompt_name="query" for
the Qwen3-Embedding models.

RAG Configuration. Below, we provide the
command we use for performing the end-to-end
RAG evaluations. While the top-100 passages are
retrieved from the KILT dump, only the top-5 pas-
sages are presented to the generator.

generator="vllm_gwen-25-32b-instruct” \
dataset="${dataset}"” retrieve_top_k=100 \
generator.init_args.max_length=32768

F Details on ToolSearch Evaluation

The evaluations on ToolRet benchmark (Shi et al.,
2025) are presented in Table 8.

G Evaluations on Internal Benchmarks

To benchmark performance in realistic deploy-
ment scenarios, we built PPLXQuery2Query and
PPLXQuery2Doc, web-scale benchmarks with up
to 115K real-world queries spanning over easy-
to-hard difficulty, evaluated against more than 30
million documents pooled from over 1 billion web
pages. This setup gives us a clearer signal on re-
call and ranking performance under realistic corpus
size and noise for our production deployment.

PPLXQuery2Query. We construct the PPLX-
Query2Query benchmark from real search logs
spanning five consecutive days from our produc-
tion search system. Our key insight is that queries
leading to the same destination URL exhibit se-
mantic similarity, providing natural supervision for
query-to-query retrieval without manual annota-
tion. The construction process proceeds as fol-
lows: (1) apply Personally Identifiable Information
(PII) detection to exclude any queries that could
reveal user identity; (2) collect query-URL pairs
from search logs; (3) group queries by destina-
tion URL, creating clusters of semantically related
queries; (4) filter clusters to retain only those with
>2 queries and remove exact string duplicates; (5)
within each cluster, designate the temporally first
query as the evaluation query and the remaining
queries as pseudo documents. This yields a query
set of 100K instances evaluated against document
corpora of increasing size (240K, 1.2M, 2.4M),
enabling analysis of scale-dependent retrieval per-
formance. Evaluation uses Recall@K (K € {10,
20, 100}), where a retrieved document is consid-
ered correct if it shares the same destination URL
cluster as the query. We compute Recall@K for
each query and report the mean across the query
set in Table 9.

On the PPLXQuery2Query benchmark, pplx-
embed-v1 models achieve leading performance in
all size categories. On the Large corpus (2.4M tar-
get queries), pplx-embed-v1-4B achieves 73.46%
R@10 and 86.17% R@100 with INT8 quantiza-

python3 -u bergen.py retriever="${retriever}tion, surpassing Qwen3-Embedding-4B (67.90%



Table 6: nDCG@ 10 on MTEB(Multilingual, v2) retrieval tasks
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Task & & & & & & = =
Average 69.60 59.27 67.71 69.66 68.22 ‘ 64.65 6541 61.44
AILAStatutes 81.19 41.85 4877 61.00 60.26 | 79.02 59.84 53.77
ArguAna 75.64 57.99 8644 69.99 67.81 | 7096 6594 61.07
BelebeleRetrieval 81.16 68.79 90.73 77.88 76.74 | 68.74 72.86 68.99
CovidRetrieval 87.37 6843 79.13 7750 7698 | 84.76 77.37 74.35
HagridRetrieval 98.77 99.04 99.31 98.77 98.77 | 98.76 98.77 98.77
LEMBPasskeyRetrieval 84.25 69.75 38.50 89.50 79.25 | 84.75 76.75 60.25
LegalBenchCorporateLobbying 95.42 9522 9598 94.85 93.78 | 94.52 94.36 93.01
MIRACLRetrievalHardNegatives | 69.49 56.94 70.42 66.24 64.64 | 61.23 68.56 064.21
MLQARetrieval 81.92 7325 84.16 83.34 81.77 | 72.79 7898 74.83
SCIDOCS 3144 23.07 25.15 23.87 2333|2441 22.83 21.70
SpartQA 20.15 7.44 1030 2330 22.04 | 10.58 9.17 7.60
StackOverflowQA 94.32 9244 96.71 93.61 93.08 | 89.99 90.65 88.97
StatcanDialogueDatasetRetrieval | 42.28 31.10 51.11 56.53 55.56 | 33.63 41.14 34.79
TRECCOVID 92,92 79.56 86.32 85.61 83.94 | 90.52 85.90 81.33
TempReasonL1 123 213 296 1.19 1.16 | 1.02 143 140
TwitterHjerneRetrieval 72.58 81.44 98.02 75.67 7524 | 60.04 70.04 65.20
WikipediaRetrievalMultilingual | 91.23 89.24 94.20 92.68 92.30 | 87.13 90.98 89.74
WinoGrande 51.51 29.11 60.52 82.40 81.28 | 50.79 71.85 65.92

R@10, 81.96% R@100) by 5.56 and 4.21 per- large-instruct (Wang et al., 2024), and Qwen3-

centage points, respectively. The binary quantized
variant maintains strong performance with mini-
mal degradation (72.41% R@10, 85.21% R@100),
demonstrating only a 0.96-1.05 percentage point
drop while still outperforming all competitors.
Similarly, pplx-embed-v1-0.6B achieves 71.05%
R@10 and 83.86% R@100, establishing substan-
tial margins over BGE-M3 (61.78% R@10, 74.69%
R@100) and Qwen3-Embedding-0.6B (55.07%
R@10, 69.82% R@100).

PPLXQuery2Doc. We construct the PPLX-
Query2Doc benchmark as follows: (1) We create
a high-quality query set using stratified sampling
across four dimensions: query intent (Informa-
tional, Navigational, Transactional, Factual lookup,
Exploratory), query form (Keyword-based, Natural
language question, Telegraphic, Long-form ver-
bose), query length (Short: 1-2 tokens, Medium:
3-11 tokens, Long: 12+ tokens), and language dis-
tribution to ensure multilingual coverage. (2) For
each query, we retrieve documents using four re-
trieval systems—BM?25 (Robertson et al., 2009),
BGE-M3 (Chen et al., 2024), Multilingual-e5-

Embedding-0.6B (Zhang et al., 2025b)—over a
corpus of 1 billion real-world web pages. (3) The
union of the results from all four systems forms
a candidate pool of documents per query. (4) We
assign Boolean relevance labels by thresholding
Reciprocal Rank Fusion (RRF) scores that aggre-
gate ranking signals from the four retrieval systems
and our production search system (which is inde-
pendent of pplx-embed), ensuring robust relevance
judgments through multi-system consensus.

The resulting benchmark comprises 15,000
queries, with 9,380 in English and 5,620 in other
languages. Unlike existing public benchmarks that
focus on nDCG at small cutoff values, we focus
on Recall @K to better reflect real-world cascade
search systems where embedding models serve as
the first-stage retrieval component. We evaluate
across three benchmark sizes: Small (15K queries,
7.5M corpus), Medium (15K queries, 15M corpus),
and Large (15K queries, 30M corpus), reporting
Recall@10, Recall@20, and Recall@ 100 across
all benchmarks, with additional Recall@ 1000 re-
ported for the Large benchmark. The correspond-



Table 7: nDCG@ 10 on MTEB(Code) retrieval tasks
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Task e & & & ®|&% & &
Average ‘ 80.07 66.54 76.00 78.73 78.11 | 7542 7585 7391
AppsRetrieval 89.18 2846 93.75 87.81 86.65 | 7534 78.66 71.70
COIRCodeSearchNetRetrieval | 87.93 7554 81.06 84.39 83.70 | 84.69 82.38 80.15
CodeEditSearchRetrieval 7649 71.11 81.61 8126 80.23 | 6442 7636 72.88
CodeFeedbackMT 93.21 68.92 56.28 86.17 85.67 | 90.82 82.96 81.79
CodeFeedbackST 89.51 80.42 85.33 86.95 86.52 | 86.39 84.73 83.26
CodeSearchNetCCRetrieval 95.59 73.18 84.69 92.27 91.67 | 91.72 88.10 86.04
CodeSearchNetRetrieval 92.34 90.50 91.33 90.81 90.54 | 91.01 89.86 88.73
CodeTransOceanContest 90.99 84.25 89.53 88.38 88.61 | 86.05 85.03 84.86
CodeTransOceanDL 35.04 3423 31.47 3391 33.11 | 31.36 35.16 35.36
CosQA 3798 31.00 50.24 4234 41.01 | 36.48 43.32 41.04
StackOverflowQA 94.32 9244 96.71 93.61 93.08 | 89.99 90.65 88.97
SyntheticText2SQL 78.21 68.45 69.96 76.80 76.52 |76.74 7298 72.18

Table 8: Results on ToolRet benchmark.
C=Comprehensiveness.

All metrics are @10.

N=nDCG, P=Precision, R=Recall,

Model Web Code Custom Avg
N P R C N P R C N P R C N C

bm25 2633 610 3422 2279 | 4190 620 5649 5539 | 41.16 8.39 48.60 3890 | 36.46  39.03
gtr-t5-large 2437 527 3164 2126 | 36.76 533 4742 4592 | 42.04 8.48 50.84  40.00 | 3439 3573
gte-base 3075 7.00 3944 2588 | 41.68 620 5396  51.64 | 37.95 6.96 46.57  38.10 | 36.79 3854
bge-large 30.03  7.01 3928 25.63 | 4153  6.00 52776  51.18 | 43.90 8.31 51.79 4224 | 3849  39.68
e5-mistral-7B 31.07 7.65 4130 27.04 | 4497 6.66 5895 56.79 | 40.88 7.91 4935 3835 | 3897  40.73
nv-embed-v1 3151 774 4052 2674 | 47.92  7.10 6207 59.60 | 48.70 10.07 57.69 43.88 | 42.71 4341
gte-qwen2-1.5B 37.53 931 4831 3095 | 4738 7.29 61.12 59.55 | 5298 10.63 5947 45.68 | 4596 4539
gritlm-7B 3658  9.34  46.01  27.65 | 4126 6.17 53.81  52.07 | 4555 9.74 54.01 4140 | 41.13 4037
pplx-embed-v1-0.6B | 3584 819 4526 3031 | 4552 662 59.07 5732 | 47.79 9.24 5533 4524 | 43.05 4429
pplx-embed-v1-4BT 42.07 989 52,55 3642 | 41.61 620 5496  53.12 | 49.68 9.53 5777 4598 | 4445 4517

ing results for English and Multilingual sets are
reported in Tables 10 and 11, respectively.

pplx-embed-vl demonstrates strong perfor-
mance across both the English and Multilingual
variants. On the Large corpus, pplx-embed-v1-
4B achieves 88.23% Recall@1000 on English
and 91.66% on Multilingual, surpassing Qwen3-
Embedding-4B (83.13% and 88.58%, respectively).
The binary quantized variants maintain competitive
performance with minimal degradation (87.13%
and 90.67%, respectively), demonstrating the ef-
fectiveness of our quantization-aware training ap-
proach. Similarly, pplx-embed-v1-0.6B achieves
84.43% (English) and 89.05% (Multilingual) with
INT8 quantization, outperforming all sub-1B com-
petitors by substantial margins. These high recall
rates at K = 1000 validate the models’ effective-

ness as first-stage retrievers in multi-stage ranking
pipelines, where maximizing recall is critical for
downstream reranking performance.



Table 9: Query-to-Query Retrieval Performance on PPLXQuery2Query Benchmark. Models are grouped by size
(separator line at 1B parameters). T represents INT8 quantization and * shows binary.

Small (240K) Medium (1.2M) Large (2.4M)
R@10 R@20 R@100 | R@10 R@20 R@100 | R@10 R@20 R@100

pplx-embed-v1-4BT 85.04 88.15 92.75 | 7747 81.87 88.55 | 7346 7826  86.17
pplx-embed-v1-4B* 84.02 8728 9198 | 76.44 80.77 87.69 | 7241 7723  85.21
qwen3-embed-4B 80.90 8457 9021 | 7236 7696 8490 | 6790 73.02 81.96

pplx-embed-v1-0.6Bf | 82.68 8597 91.01 | 75.05 7931 8640 | 71.05 75.75 83.86
pplx-embed-v1-0.6B¥ | 80.25 83.69 89.01 | 72.58 76.83 84.11 | 68.60 7324  81.42
bge-m3 73770 7739 84.08 | 65.63 69.85 77.76 | 61.78 66.15  74.69
qwen3-embed-0.6B 68.71 73.15  81.54 | 5931 64.12 73.64 | 55.07 59.86  69.82

Model?

Table 10: Query-to-Document Retrieval Performance on PPLXQuery2Doc Benchmark (English). Models are
grouped by size (separator line at 1B parameters). T represents INT8 quantization and * shows binary.

Small (7.5M) Medium (15M) Large (30M)
R@10 R@20 R@100 | R@10 R@20 R@I100 | R@10 R@20 R@I100 R@1000

pplx-embed-v1-4Bf 16.29 26.00 61.38 | 13.76 21.84 51.05 | 12.18 19.22  44.26 88.23
pplx-embed-v1-4B* 1573 25.05 5997 | 1330 2092 49.52 | 11.74 1840  42.82 87.13
qwen3-embed-4B 1193 1973  52.72 9.82 16.00 4231 846 1373 3553 83.13

pplx-embed-v1-0.6BT | 14.82 2338 56.89 | 12.54 19.60 46.59 | 11.14 17.17 40.17 84.43
pplx-embed-v1-0.6B* | 13.34  21.31 53.33 11.13  17.62  42.94 9.72 1527  36.42 80.71
bge-m3 11.37  18.69  49.69 942 1527 3927 8.12 13.08 32.76 78.23
gqwen3-embed-0.6B 10.50 17.42  48.02 859 14.04 3755 742 1197  31.10 77.90

Model

Table 11: Query-to-Document Retrieval Performance on PPLXQuery2Doc Benchmark (Multilingual). Models are
grouped by size (separator line at 1B parameters).

Small (7.5M) Medium (15M) Large (30M)
R@10 R@20 R@100 | R@10 R@20 R@I100 | R@10 R@20 R@100 R@1000

pplx-embed-v1-4Bf 21.05 3235 69.70 | 17.87 27.14 59.19 | 1558 23.80 51.84 91.66
pplx-embed-v1-4B¥ 2042 31.65 6856 | 17.17 2645  57.73 1497 23.05 50.42 90.67
qwen3-embed-4B 17.73 2780  64.08 1493 2318 53.36 13.06 20.19 4647 88.58

pplx-embed-v1-0.6BT | 19.51 29.92  66.30 | 16.29 2497 5558 | 14.33 21.90 48.40 89.05
pplx-embed-v1-0.6B* | 17.66 27.44  62.56 1478 22.69 51.59 1296 19.73  44.38 85.61
bge-m3 16.57 26.16 60.14 | 13.60 2142  49.18 11.80 1846 42.14 83.33
qwen3-embed-0.6B 1623 25.31 59.40 1345 20.78 4845 11.68 1797  41.55 84.27

Model
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