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Abstract

We introduce Trove, an easy-to-use open-
source retrieval toolkit that simplifies research
experiments without sacrificing flexibility or
speed. For the first time, we introduce efficient
data management features that load and process
(filter, select, transform, and combine) retrieval
datasets on the fly, with just a few lines of code.
This gives users the flexibility to easily experi-
ment with different dataset configurations with-
out the need to compute and store multiple
copies of large datasets. Trove is highly cus-
tomizable: in addition to many built-in options,
it allows users to freely modify existing compo-
nents or replace them entirely with user-defined
objects. It also provides a low-code and uni-
fied pipeline for evaluation and hard negative
mining, which supports multi-node execution
without any code changes. Trove’s data man-
agement features reduce memory consumption
by a factor of 2.6. Moreover, Trove’s easy-
to-use inference pipeline incurs no overhead,
and inference times decrease linearly with the
number of available nodes. Most importantly,
we demonstrate how Trove simplifies retrieval
experiments and allows for arbitrary customiza-
tions, thus facilitating exploratory research.

1 Introduction

Influential toolkits such as those provided by Hug-
ging Face (HF) simplify Machine Learning (ML)
pipelines and support extensive customization with
minimal effort, thus facilitating exploratory re-
search (Gugger et al., 2022; Lhoest et al., 2021;
Wolf et al., 2020). Similarly, existing retrieval
toolkits have significantly improved Information
Retrieval (IR) pipelines (Gao et al., 2022; Reimers
and Gurevych, 2019). However, IR experiments
still require a considerable amount of engineering
effort for many tasks like efficient data manage-
ment or model customization. Here, we intro-
duce a novel open-source toolkit that simplifies
various stages of retrieval pipelines, enabling ef-

ficient data management, flexible modeling, and
easy distributed evaluation. Our design prioritizes
customization and makes it easy to freely modify
or entirely replace each component.

General-purpose toolkits are not directly appli-
cable in retrieval pipelines. Retrieval is uniquely
different from most ML problems in that instances
of retrieval tasks are not self-contained. For exam-
ple, while solving an image classification task only
involves one image, a single retrieval task involves
one query and the entire corpus. This makes re-
trieval experiments more challenging. Since most
data management tools like HF Datasets (Lhoest
et al., 2021) process each instance isolated from
the rest of the dataset, they cannot be directly used
in retrieval pipelines (Gao et al., 2022). Distributed
evaluation is also more challenging. Instances of
retrieval tasks share a lot of the computation (i.e.,
encoding the corpus), and we cannot simply eval-
uate each instance on a separate device and aggre-
gate the results. Finally, HF transformers models
only provide the encoder, and we cannot directly
use them for retrieval without additional modeling.

Existing toolkits have recognized these issues
and offer initial solutions. However, these solu-
tions are often not as flexible or easy to use. Since
naive on-the-fly data preparation for retrieval is
memory-intensive, current toolkits rely on large
pre-processed dataset files (Gao et al., 2022), often
duplicating a lot of data for variations of a sin-
gle dataset (Fig. 1 top). Although evaluating re-
trieval tasks is computationally more demanding,
currently distributed evaluation is either limited to a
single node (Muennighoff et al., 2022; Reimers and
Gurevych, 2019) or involves several steps and more
engineering effort (Gao et al., 2022). For modeling,
current frameworks wrap transformers models in
fixed classes, and customizations are limited to a
set of pre-defined options. As a result, exploratory
experiments require significant engineering effort,
which slows down novel research.
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In this work, we introduce Trove, an open-source
library that simplifies dense retrieval experiments
without sacrificing flexibility. Trove is the first
toolkit to provide features for efficiently managing
and pre-processing retrieval data on the fly (Fig. 1
bottom). Trove provides a simple interface for
multi-node/GPU inference and is fully compatible
with HF transformers ecosystem. Our modeling ap-
proach provides direct access to model components
and allows arbitrary customizations. In general, our
design increases flexibility at three levels. 1) Trove
provides various built-in options to customize ex-
periments. 2) Our transparent design allows users
to override many methods with custom logic. 3)
Trove’s modular structure allows users to entirely
replace many components with arbitrary objects.
In summary:

* Trove is built around the unique characteris-
tics of the retrieval task and, for the first time,
offers fast and memory-efficient operations
for loading and pre-processing (filter, trans-
form, combine, etc.) retrieval data on the fly.

* Trove provides a simple and unified inter-
face for evaluation and hard negative mining,
which supports both multi-node and multi-
GPU inference without additional code.

* Trove allows for direct customization of all
modeling components or even replacing them
with arbitrary modules, while maintaining
compatibility with HF transformers ecosys-
tem.

* Trove is designed with customization in mind.
The codebase is heavily documented and easy
to understand. We provide ample guides and
examples to facilitate customization.

2 Background and Challenges

There is a growing body of work on transformer-
based dense retrievers. Many works improve the
training data through techniques like using mined
hard negatives or a large number of random in-
batch negatives (Karpukhin et al., 2020; Moreira
et al., 2024; Qu et al., 2021; Rekabsaz et al., 2021;
Xiong et al., 2020; Zerveas et al., 2022, 2023; Zhan
et al., 2021). Several works also use synthetic
data for training (Alaofi et al., 2023; Bonifacio
et al., 2022; Dai et al., 2022; Jeronymo et al., 2023;
Lee et al., 2024; Li et al., 2024). With the intro-
duction of RepLLaMA (Ma et al., 2024), large
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Figure 1: A) Existing toolkits require manually creating

Data Files
and maintaining large pre-processed data files for each
experiment. B) Trove processes datasets on the fly based
on the given configuration options.

decoder-only LLMs and PEFT techniques (Hu
et al., 2022) have become popular for retrieval mod-
els (Wang et al., 2024). There are also new variants
of the retrieval task itself, such as retrieval instruc-
tions (Asai et al., 2022; Weller et al., 2024).
Despite the dynamic research landscape, devel-
oping IR pipelines is still challenging. To illustrate
the challenges of developing IR pipelines, we com-
pare the development experience for IR to other
ML tasks for three common operations.
Data Management For most ML problems, tools
like HF Datasets load, pre-process, and combine
multiple datasets on the fly with just a few lines of
code and minimal memory overhead. In IR, even
generating training samples for standard datasets
like MS MARCO (Bajaj et al., 2018) requires a lot
of memory and extra code. Existing tools do not
offer any data management functionality and in-
stead rely on large pre-processed data files, which
require maintaining many large files with dupli-
cate data. In addition to the cumbersome process,
data changes are not trackable by VCS with this
approach, hurting reproducibility.
Modeling Usually, users have full control over
the model and can apply arbitrary customizations
(e.g., add LoRA adapters or change the loss). How-
ever, current retrieval toolkits wrap the encoder
in custom classes, without providing direct access
to the transformers backbone. As a result, any
customization requires explicit support from the
library!. The interactions between different com-

"Example: sentence-transformers/issues/2575
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ponents also limit flexibility. For example, it is not
possible to train with graduated relevance labels us-
ing Tevatron (Gao et al., 2022) even if we overwrite
the loss function.

Inference The evaluation pipeline often involves
a simple script that executes the forward pass and
calculates the metrics, all in one job step. For dis-
tributed evaluation, users just need to execute the
same script with a distributed launcher like Accel-
erate (Gugger et al., 2022), with minimal changes.
Although IR evaluation is computationally more
demanding, multi-node execution is not straightfor-
ward. The evaluation process with SentenceTrans-
formers and MTEB? packages is easy but limited
to only a single node. Tevatron supports multi-node
evaluation, but it needs to manually launch multi-
ple jobs to encode each dataset shard separately,
and then launch another job to retrieve related doc-
uments and another job to calculate the metrics.
See Section B for discussion of other libraries.

3 System Design

Here, we first explain Trove experiment workflows
(Fig. 2) and then describe its major components.

3.1 Workflow

Trove experiment workflows are simple and based
on configuration objects. Users create one or more
instances of MaterializedQRelConfig to specify
how raw input files (query, corpus, grels) should be
loaded and processed (e.g., filtered). We also create
a DataArguments object with dataset-level details
(e.g., sequence length). Users then use these ob-
jects to instantiate one of the main dataset classes
(BinaryDataset or MultiLevelDataset). Next, we
create a ModelArguments instance with model de-
tails like name, pooling type, and LoRA configura-
tion. We instantiate the main retriever (e.g., BiEn-
coderRetriever) from the argument object. Finally,
we use these components in addition to an instance
of RetrievalTrainingArguments (EvaluationArgu-
ments) to instantiate RetrievalTrainer (RetrievalE-
valuator), which is responsible for the main train-
ing (evaluation) loop. Our design allows instantiat-
ing configuration objects from command-line argu-
ments, which makes it easier to run diverse experi-
ments. Moreover, our design increases flexibility
by exposing the main components of the pipeline:
users can easily customize or entirely replace each
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Figure 2: Training and evaluation workflow with Trove.

module without changing Trove’s source code or
even major changes to their experiment workflow.

3.2 Data Management

Large IR datasets are often made of three sets
of files: query, corpus, and qgrels (i.e., annota-
tions). Creating training instances is simple: for
each query, find the related document IDs from
the grel files and then replace these IDs with the
content from the query and corpus files. Efficiently
implementing this logic is challenging for large
datasets like MS MARCO with 500K queries and
8M documents. Just loading all the query and cor-
pus records consumes a lot of memory. Moreover,
with multiple datasets or more complex pipelines,
pre-processing or merging millions of grel records
slows down the program.

3.2.1 Internal Representation

We implement MaterializedQRel, an efficient con-
tainer for IR data that holds query, corpus, and qrel
records. We use the Polars library? to efficiently
group qrel triplets by query ID, which significantly
speeds up pre-processing and lookup operations for
related documents. We convert query, corpus, and
grouped grel records to memory-mapped Apache
Arrow tables that are indexable by ID. Material-
izedQRel only works with IDs, without loading the
actual data. For each training instance, we load
the data at the very last step and even then only
load the necessary records for the current instance.
As a result, MaterializedQRel significantly reduces
memory consumption.

Shttps://pola.rs
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MaterializedQRel enables users to process the
data just by setting a few config values. For in-
stance, users can easily filter qrel triplets, select a
subset of queries, or change the labels. See Sec-
tion 4 for examples.

3.2.2 User-facing Classes

These benefits are available to users through
the MultiLevelDataset and BinaryDataset classes.
Trove datasets are made of one or more Material-
izedQRel instances, which allows defining complex
data pipelines. For instance, users can apply differ-
ent pre-processing steps to each data source (e.g.,
real and synthetic) before combining them. To cre-
ate a dataset, users just need to initialize the dataset
class with config objects that specify data loading
and processing details. As a result, Trove’s data
pipelines are trackable with VCS.

Our EncodingDataset prepares the data for en-
coding during inference and simplifies embed-
ding cache management. We implement the em-
bedding cache as memory-mapped Apache Ar-
row tables, indexed by ID. The cache supports
lazy loading, loading each cached vector only
when needed. The interface is simple: users call
cache_records(ids, vectors) to write the vec-
tors and their IDs to cache. Later, when accessing
each item (i.e., dataset[i]), the dataset returns
the cached embedding instead of raw text if avail-
able. We also implement the RetrievalCollator,
which tokenizes and batches examples for retrieval.

3.2.3 Additional Features

Callbacks for Flexibility We implement fre-
quently changing operations as callback functions
for easier customization. For example, users can
load grel triplets from custom file formats by regis-
tering a loader with @register_loader. Users can
customize input formatting (e.g., add instructions)
by passing format_query and format_passage
callbacks to the dataset. Similarly, the filter_fn
option in MaterializedQRelConfig allows users to
filter the qgrel triplets with custom functions.
Reliability We cache intermediate artifacts in the
first run and track changes using a fast fingerprint-
ing method. We also use atomic write operations to
guard against corrupted files. As a result, datasets
are very fast after the first run and reliably generate
the same data in all runs.

By default, Trove supports datasets in the widely
adopted BEIR format (Thakur et al., 2021). We
also provide decorators for registering new loader

functions for custom file formats. Trove can also
load file URIs directly from HuggingFace Hub.

3.3 Modeling

Trove’s modeling is divided into three main com-
ponents (retriever, encoder, and loss) and allows
users to customize each component independently.

Retriever Subclasses of PretrainedRetriever are
the main model class in Trove and consist of
an encoder, loss function, and the retrieval logic.
PretrainedRetriever can use all HF transformers
models as encoder and supports common pool-
ing and normalization operations, as well as
LoRA adapters and quantization. It provides the
from_model_args() method that creates the cor-
rect encoder and loss function based on the given
options. To allow arbitrary customizations, we en-
capsulate all details related to transformers models
(e.g., quantization) in the encoder and allow users
to use arbitrary nn.Module objects as the encoder.

Users can subclass PretrainedRetriever and over-
write the forward() method to implement cus-
tom retrieval logics. Trove already comes with
BiEncoderRetriever, which implements the dual-
encoder retrieval logic with support for cross-
device in-batch negatives.

Encoder To experiment with new encoding meth-
ods (e.g., different pooling or PEFT techniques),
users can implement custom encoder wrappers as
PretrainedEncoder subclasses. Compared to using
arbitrary nn.Module objects as encoder, this allows
us to swap encoder wrappers without changing the
code, which simplifies user scripts. Users just need
to instantiate the retriever with different options
(e.g., encoder_class="MyEncoderClass").

Loss Function Trove implements the InfoNCE
and KL Divergence losses. Users can implement
new loss functions as RetrievalLoss subclasses and
choose the correct loss through retriever options
(e.g., loss="MyLossClass"” or "k1").

3.4 Training

Inspired by Tevatron (Gao et al., 2022), we en-
sure all Trove components are compatible with HF
transformers and directly use its Trainer module
for training, with minimal changes.

Trove makes it possible to approximate IR met-
rics like nDCG during training by ranking a small
number of annotated documents for each devel-
opment query, similar to a reranking task. We
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from trove import x

tokenizer = AutoTokenizer.from_pretrained(...)
model = BiEncoderRetriever.from_model_args(...)

o - . T VO SR

from transformers import AutoTokenizer, HfArgumentParser

parser = HfArgumentParser((RetrievalTrainingArguments, ModelArguments, DataArguments))
train_args, model_args, data_args = parser.parse_args_into_dataclasses()

collator = RetrievalCollator(data_args, tokenizer, append_eos=False)

pos = MaterializedQRelConfig(min_score=1, qrel_path="qgrels/train.tsv", ...)
12 neg = MaterializedQRelConfig(group_random_k=2, qrel_path

—_n

mined_neg.tsv", ...)

13 dataset = BinaryDataset(data_args, model.format_query, model.format_passage, pos, neg)

15 trainer = RetrievalTrainer(model, train_args, collator, dataset)

16 trainer.train()

Figure 3: Training with Mined Hard Negatives

introduce IRMetrics, which can be used as the
compute_metric callback to efficiently calculate
approximate IR metrics during training for small
instances of MultiLevelDataset.

3.5 Inference

RetrievalEvaluator class implements a simple and
unified interface for evaluation and hard negative
mining. Inference is as easy as creating an instance
of RetrievalEvaluator and calling the evaluate()
or mine_hard_negatives() method. Trove sup-
ports logging to Wandb and can integrate other
experiment trackers using callback functions.

For distributed inference, we simply need to
launch the same script without any changes using
a distributed launcher. RetrievalEvaluator automat-
ically distributes the computation across available
nodes and GPUs. We also introduce a fair sharding
feature that allows mixing GPUs with different ca-
pabilities without stalling the faster devices. Trove
adjusts the shard sizes based on GPU throughput,
assigning more samples to faster devices.

Trove introduces FastResultHeapq, a Pytorch al-
ternative to the standard Python heapq that uses
fast matrix operations and GPU acceleration for
tracking the top-k documents for each query*. Ex-
isting frameworks often use Python’s heapq, which
is a major bottleneck and stalls GPU cycles dur-
ing evaluation (Muennighoff et al., 2022). FastRe-
sultHeapq is 16x and 600x faster than Python heapq
for online and cached embeddings, respectively.

4 Demonstration

Here, we demonstrate Trove’s flexibility and ease
of use and benchmark its efficiency.

“This is not a full heapq. It just mimics some functionali-
ties to keep track of topk documents for each query.

4.1 Flexibility and Ease of Use

We have already used Trove for large-scale research
experiments in our earlier work, SyCL (Esfandiar-
poor et al., 2025). Below, we outline the pipeline
for two key SyCL experiments. Trove can be easily
installed from PyPI:

$ pip install ir-trove

Trove greatly reduces the engineering effort re-
quired for common training setups. Figure 3 shows
the complete code needed to train dense retriev-
ers with mined hard negatives using InfoNCE loss.
This simple code already supports multi-node/GPU
training, standard pooling and normalization opera-
tions, LoRA adapters, and quantization.

Now, we modify the code to train on a mix of
multi-level synthetic data (labels in {0, 1, 2, 3}),
annotated positives, and mined hard negatives. To
do this, we simply replace lines 11-13 in Fig. 3
with the following:

syn = MaterializedQRelConfig(.. .,
grel_path="synth_qrel.tsv",
corpus_path="synth_corpus. jsonl”,
query_subset_path="qrels/orig_train.tsv")

pos = MaterializedQRelConfig(.. .,
grel_path="qrels/train.tsv",
score_transform=3,
min_score=1)

neg = MaterializedQRelConfig(.. .,
grel_path="mined_neg.tsv",
score_transform=1,
group_random_k=2)

dataset = MultilLevelDataset([syn, pos, negl, ...)

This snippet processes each data source differently
and combines the results. syn collection selects
only synthetic data for training queries, using query
IDs from grels/train.tsv file. pos collection
filters for documents with relevance labels > 1 (i.e.,
positives), then assigns them a new label of 3. And,
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neg randomly selects two of the hard negatives per
query and assigns them a new label of 1.

In SyCL, we also explore the Wasserstein dis-
tance as loss function. For this, we just imple-
ment the loss function as the following and use
--loss=ws to run the training script.

class WSLoss(Retrievalloss):
_alias = "ws"

def forward(self, logits, label):
loss = ... # calculate the loss value
return loss

4.1.1 Model Customization

Trove provides different methods for customizing
the model. As described in Section 3.3, Trove
comes with many built-in options for choosing dif-
ferent pooling operations, applying embedding nor-
malization, adding LoRA adapters, or quantization.
Here, we provide several examples of how users
can further customize models beyond these options.

Input Formatting For convenience, Trove en-
coders include two methods for proper input for-
matting for a given model. The code below, mod-
ifies these methods to add instructions to input
queries and passages, similar to Wang et al. (2023).

class EncoderWithInstructions(DefaultEncoder):
_alias = "encoder_with_inst"”

def format_query(self, text, dataset,
— *xkwargs):
if dataset == "msmarco”:
inst = "Instruct: Given a web search
— query, retrieve relevant passages
« that answer the query\nQuery: "
else:
inst = "Query:
return inst + text

n

def format_passage(self, text, title=None,
— *xkwargs):
return f"Passage: {title} {text}”

Then, in the user scripts
(e.g., Fig. 3), they just need to pass
--encoder_class="encoder_with_inst" to

use this modified encoder wrapper.

Pooling Method Here is an example of how
users can modify the default encoder wrapper to
implement different pooling operations.

class EncoderWithNewPooling(DefaultEncoder):
_alias = "encoder_new_pooling”

def encode(self, inputs) -> torch.Tensor:
output = self.model(**inputs,
— return_dict=True)
embs = ... # custom pooling and
< normalization operations
return embs

Similar to above, users can use
--encoder_class="encoder_new_pooling"

to use the above encoder wrapper.

New Encoder Wrappers Users can also directly
subclass PretrainedEncoder, which gives them
control over how the model is loaded, saved, and
used for calculating the embeddings.

class CustomEncoder (PretrainedEncoder):
_alias = 'custom_encoder'

def __init__(self, args:
— trove.ModelArguments, **kwargs):
self.model = AutoModel.from_pretrained(
args.model_name_or_path)
# Arbitrary Model Customizations (LoRA,
— Quantization, etc.):
# ...

def save_pretrained(self, *args, *xkwargs):

def encode_query(self, inputs):

def encode_passage(self, inputs):

These new encoder wrappers are also
automatically  registered and available
through configuration options (e.g.,

--encoder_class="custom_encoder").

User-provided Encoder Objects Users can also
directly instantiate BiEncoderRetriever with any
nn.Module object as the encoder.

custom_encoder: torch.nn.Module = ...
< encoder module

model =

— BiEncoderRetriever(encoder=custom_encoder,
— model_args)

# any

4.2 Efficiency

Here, we benchmark the impact of Trove’s opti-
mizations for data management and inference. Our
main goal is to benchmark Trove’s efficiency when
handling large-scale datasets. Therefore, as a rep-
resentative example of large-scale datasets, we use
MS MARCO for benchmarking. Moreover, to fur-
ther stress-test Trove, we also increase the size of
the original MS MARCO dataset by adding syn-
thetic documents.

Data Management Table 1 shows the memory
required to prepare MS MARCO data for train-
ing. The naive baseline loads the entire data in
memory. Trove cuts memory usage by 2.6x. Since
Trove’s main data is on disk and memory-mapped,
increasing the data size only marginally increases
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Real Real w/ Synth.
1xGPU 8xGPU | IxGPU 8x GPU
Naive 885 7080 | 1130  90.40
Trove 334 2672 | 407 3256

Table 1: Memory consumption in GB

the memory usage: when combining synthetic and
real data (Esfandiarpoor et al., 2025), Trove adds
0.73 GB of memory to load the additional 2M syn-
thetic passages, far less than the naive approach,
which uses 2.45 GB. This efficiency is critical for
distributed training, where each process loads its
own data. On a machine with 8 GPUs, the naive
method consumes 90 GB of RAM just for data load-
ing. We note that most existing frameworks rely on
large pre-processed data files for each individual
experiment, and Trove is the only library to offer
efficient on-the-fly data processing for retrieval.

Real Real w/ Synth.
TTFS TTFS o | TTFS TTFS iy
Naive 31 31 40 40
Trove 5 39 7 55

Table 2: Time to first sample (TTFS) in seconds for the
first and subsequent runs

Table 2 reports time to first sample (TTFS), mea-
suring the time to load and process the data. Thanks
to Trove’s internal caching, after the first run, the
data is available almost instantaneously. While
TTFS has minimal impact on long-running experi-
ments, a short TTFS is critical for efficient debug-
ging and interactive development.

Inference Table 3 shows retrieval times for
all queries in MS MARCO using E5-Mistral-
Instruct (Wang et al., 2024) in a distributed en-
vironment. Inference time decreases linearly with
the number of nodes, showing that Trove uses ad-
ditional nodes with no overhead. Crucially, we
just need to run the same script with a distributed
launcher, without changing the code.

1x Node 2x Node
14h:20m  7h:12m

3x Node
4h:48m

Inference Time

Table 3: Inference time on different numbers of nodes.
Note that other libraries are limited to 1x Node.

Table 4 compares the performance of Python’s
heapq with FastResultHeapq for keeping track of
top-k documents at MS MARCO scale. In an on-
line setup where we embed a small batch of 256
documents and compare it with queries on the fly,
Trove is more than 600x faster than Python’s heapq.
When the number of queries grows (e.g., for hard
negative mining), Python’s heapq becomes unus-
able, taking up to 130 hours.

Queries On The Fly w/ Cached Embs
Standard Trove ‘ Standard  Trove
6K 1h:9m s 21s 1s
500K 130h:40m 11m:45s | 30m:17s 1m:52s

Table 4: Performance of Python’s heapq vs Trove’s Fas-
tResultHeapq during inference

Even when embeddings are cached and com-
parisons are made in large batches (e.g., 40,960
documents) on GPU, Trove remains 16x to 21x
faster. However, in practice, this speedup is not re-
alized for Python’s heapq. It is often bottlenecked
by disk I/O, particularly with the simple caching
mechanisms used by existing frameworks.

Training Results For training results and addi-
tional experiments using Trove, we refer readers
to the SyCL paper (Esfandiarpoor et al., 2025)
and codebase®, which uses Trove for all its experi-
ments.

5 Conclusion

In this work, we introduce Trove, an open-source
toolkit for dense retrieval that reduces the engineer-
ing effort in research experiments. Trove elimi-
nates the need for large pre-processed data files
and, for the first time, provides data management
features that load and process retrieval data on the
fly, with a small memory footprint. Trove pro-
vides full control over modeling and allows users
to freely customize different modeling components.
Trove provides a simple and unified interface for
evaluation and hard negative mining, which sup-
ports multi-node inference without any extra code.
While Trove provides a simple high-level interface,
every component is designed to be configured, mod-
ified, or replaced entirely. As a result, Trove pro-
vides researchers with a tool to quickly and freely
experiment with new ideas.

3gh/BatsResearch/sycl
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A Limitations

Trove is mainly aimed at researchers, and our de-
sign emphasizes a simple codebase that is freely
customizable. Since embedding models are a major
component of IR pipelines and are even frequently
used in RAG applications without additional steps
like re-ranking, Trove provides extensive support
for training and evaluating dense embedding mod-
els out of the box. However, while we envision
adding support for other major retrieval methods
such as sparse or hybrid retrieval, Trove is not de-
signed to support all variants of different retrieval
methods out of the box. Instead, Trove’s design
makes it easy to implement custom variations of
different methods in user scripts. On the other end
of the spectrum, there is SentenceTransformers, a
great library that makes it easy to get started with
IR experiments, with built-in support for many re-
trieval methods. Inevitably, such a codebase is
complex and hard to modify by users, which is
what we are trying to avoid with Trove.
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Moreover, to facilitate exploration and rapid ex-
periments, we sometimes avoid industry standards
and implement our own solutions. For example,
we implement a fast embedding cache and our own
Pytorch container (i.e., FastResultHeapq) to speed
up nearest neighbor search instead of using tools
such as FAISS (Douze et al., 2024), which are also
used by other libraries like Tevatron and PyTerrier.
While FAISS has many great features, in our case,
creating a large search index that is only used once
is not as efficient. Moreover, such dependencies
limit flexibility. For example, FAISS only reports
the similarity scores of the most similar documents
for each query. On the other hand, our method can
also track similarity scores for arbitrary documents
even if they are not ranked among top-k results but,
for example, are useful for answering a specific
research question.

B Other Libraries

Here, we discuss Trove’s main differences with two
other popular libraries in the information retrieval
space.

Pyterrier While Pyterrier (Macdonald and
Tonellotto, 2020) is a mature library for composing
general IR pipelines, its support for dense retrieval
(via plugins®) is limited. On the other hand, Trove
mainly focuses on reducing the computational over-
head and complexity of IR experiments with dense
embedding models. Unlike Pyterrier, Trove sup-
ports muti-node evaluation of dense retrieval mod-
els out of the box, without any additional effort.
Furthermore, Pyterrier mainly relies on Pandas
Dataframes to represent the data which consumes
significant memory in distributed settings where
each process loads a separate copy of the data. By
contrast, Trove offers dedicated dataset classes op-
timized for training, that implement an efficient
memory-mapped representation of data by lever-
aging technologies like Apache Arrow and Polars.
Finally, Trove is designed specifically for dense
retrieval and offers abstractions that simplify ex-
perimenting with different modeling choices like
different loss functions and encoder architectures.

ir_datasets = Another popular library is
ir_datasets’, which is dedicated to providing a
unified interface for loading IR datasets. By
contrast, Trove encompasses the full pipeline for
training and evaluating dense embedding models,

6https ://github.com/terrierteam/pyterrier_dr
"https://github.com/allenai/ir_datasets

including data processing, hard negative mining,
modeling, training, and evaluation. However,
Trove and libraries like ir_datasets are not mutually
exclusive. Trove can integrate different data
sources and provides simple decorators that allow
users to register and use custom data loader
functions. For example, users can integrate new
data loader functions that use ir_datasets for
reading the data files.
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