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One crucial step toward understanding large language models (LLMs) is to understand their training

data. Modern LLMs are trained on text corpora with trillions of tokens, hindering them from being easily

analyzed. In this thesis, I discuss my research on making these massive text corpora efficiently searchable

and revealing insights to the connection between LLMs and their training data.

First, I developed infini-gram, a search engine system that enables fast string counting and document

retrieval. With infini-gram, I indexed four open text corpora commonly used for LLM pretraining, totaling 5

trillion tokens. A by-product was the biggest n-gram language model ever built as of the date of publication,

which I combined with neural LLMs to greatly improve their perplexity. Next, on top of infini-gram, I

led the development of a system for tracing LLM generations into their multi-trillion-token training data in

real time, named OLMoTrace. OLMoTrace shows long verbatim matches between LLM outputs and the

full training data, enabling us to do fact-checking, trace “creative expressions”, understand LLM’s math

capabilities, and much more. Finally, to enable searching in even bigger, Internet-scale corpora with limited

budget, more storage-efficient indexing techniques are needed. To that end, we developed infini-gram mini,

a search system with 12x less storage requirement than the original infini-gram, conceptually allowing us

to index the entirety of Common Crawl (the main source of training data for LLMs). We indexed 83TB of



text, including the Common Crawl snapshots between January and July 2025, making it the largest body

of searchable text in the open-source community. With infini-gram mini, we revealed that many crucial

LLM evaluation benchmarks are heavily contaminated, and we are hosting a public bulletin to continuously

monitor this dire evaluation crisis.

Together, my research enables everyone to inspect and understand LLM training data at scale, and paves

way towards comprehending and debugging LLM behaviors from a data perspective.
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Chapter 1

Introduction

Large language models (LLMs) are at the heart of the current AI technology boom. While LLMs are being

deployed broadly and deeply in our society, it has become increasingly critical for us to understand how

these LLMs are created and how they behave under various circumstances. Compared to prior human-made

technologies, LLMs pose unprecedented challenges for us to understand. They are not “coded” line-by-line,

but instead “trained” with an enormous amount of data sourced from the Internet. The most advanced LLMs

are kept proprietary by private companies, where the model weights and training data are not released to the

public.

My research is centered around building and applying innovative tools to understand the massive

training data of LLMs and how data shape model behaviors. In this thesis, I will discuss my following

contributions in realizing this goal:

• Making Internet-scale text datasets accessible via search: I built efficient text search engines—

infini-gram and infini-gram mini—to help us find out what are (and what are not) included in Internet-

scale text corpora used for LLM pretraining. These tools supports exact-match search and returning

the context of matches in the original dataset documents.

• Tracing model behavior to the training data at scale: I led the development of a scalable data

tracing tool, OLMoTrace, to directly connect LLM outputs with its full, multi-trillion-token training

data in real time. For open-data LLMs such as OLMo 2 [OLMo et al., 2024], OLMoTrace shows long

and unique pieces of text shared between the model outputs and the training data, which often reveals
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where LLMs learn certain facts or helps debug erratic model behaviors.

1.1 Background

Tiers of AI model openness. Different model developers release different sets of artifacts in their model

training.

• Fully-open models: the model weights and architecture, training data, training recipe, and source

code are released publicly.

• Open-weight models: the model weights and architecture are released, but the training data is not.

• Proprietary models: nothing above is released, and public users are given a web interface and/or and

API to access the model.

Among these, only artifacts released by fully-open models allow anyone in the public to access their training

data. That said, such training datasets are usually dozens of terabytes large, hindering them from being easily

analyzed.

The composition of LLM training data. LLM training typically consists of three stages: pretraining,

mid-training, and post-training. Pretraining data is overwhelmingly larger in size compared to data used

in the other two stages, and is thus the focus of my investigation. Modern open pretraining datasets (e.g.,

the Pile [Gao et al., 2020b], RedPajama [Together, 2023], Dolma [Soldaini et al., 2024], DCLM [Li et al.,

2024], FineWeb [Penedo et al., 2024], OLMo-mix [OLMo et al., 2024], Nemotron-CC [Su et al., 2024], the

Common Pile [Kandpal et al., 2025]) typically contain between 3 and 15 trillion tokens. Looking closer at

these datasets, we notice that the vast majority of pretraining data is sourced from Common Crawl [Common

Crawl Foundation, 2025], a repository of web crawl data with monthly snapshots of the Internet, which

to date has accumulated about 1 PB of text. Other sources of data often include code-hosting websites

(GitHub), academic papers (e.g., Arxiv, Semantic Scholar), books and textbooks (e.g., Project Gutenberg,

Wikibooks), news (e.g., CC News), online forums (e.g., Reddit, StackExchange), and encyclopedia (e.g.,

Wikipedia). The Pile and the Common Pile are exceptions – instead of mainly relying on Common Crawl,

they bring in more diverse sources (e.g., government and legal documents, YouTube subtitles, and more
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websites under each of the aforementioned domains). More recently, synthetic data (via either rephrasing

or knowledge distillation) and QA/SFT/reasoning-style data are being added to the pretraining data mix by

some work [Su et al., 2024; Nguyen et al., 2025; Maini et al., 2025]. As for LLMs without open pretraining

data, it has been reported that AI companies (e.g. OpenAI, Anthropic, Google, Meta) deploy their own web

crawlers [Longpre et al., 2024] and even scan physical copy of books [Alsup, 2025].

Search engines and information retrieval systems. Commercial search engines (e.g., Google, Bing)

also crawls and indexes the Internet data; yet their datastores are dynamic and not tied to a particular LLM’s

training data. Classical information retrieval systems (e.g., TF-IDF, BM25) do not have good support for

exact match with long queries. ElasticSearch is a commercial tool wrapping multiple types of IR indexes

and can scale up to billions of documents, but the cost is prohibitively high for massive-scale datasets.

1.2 Challenges

The sheer scale of data brings huge challenges, and there is a fine line we need to walk when considering

inference performance and compute cost.

The scale of data. LLM training data is often on the order of 10s of trillions of tokens. If we want to

have good coverage over the training data of non-fully-open models, we may want to work with the entire

Common Crawl, which is about 1 PB of text. To make these datasets searchable, I need to build some kind

of inverted index for them, which often multiplies the storage requirement. Prior to my work, many suitable

data structures (e.g., suffix array, FM-index) have not been applied to such massive amount of data, and

significant engineering work needs to be done to accommodate the scale.

Low-latency, high-throughput inference. Users don’t like to wait when they query the search engines.

Some users also wants to issue batch queries programmatically. Therefore, I want the inference system to

have low latency and high throughput. However, due to the size of data and indexes, it is not realistic to

keep them in memory, so they need to stay on disk which is slow. Many low-level system optimizations are

required to support on-disk inference and bring latency and throughput up to a reasonable level.
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Compute cost. With the massive data scale, we need to spend a lot of money to build and serve the

indexes. Building the index incurs a one-time cost, mainly for compute. Serving the index for answering

queries incurs a rolling cost, mainly for storage. With limited budget, we need to choose appropriate data

structures for indexing that are fast to build and cheap to serve.

1.3 My Approaches

Indexing text corpora with efficient data structures. For pretraining-level text corpora (∼10 trillion

tokens), I index them with a data structure called suffix array (§2). The suffix array represents the lexico-

graphical ordering of all suffixes of the string formed by concatenating the text corpus. With suffix arrays,

all occurrences of a query string in the corpus can be counted and located with O(logN) time complexity

(N = the number of tokens in the corpus), which translates into a query latency of ∼20 milliseconds in my

production system. When the original corpus is represented as tokens, the suffix array index has a storage

multiplier of 3.5×. For Internet-level text corpora (∼1 PB of text), I index them with a more advanced data

structure called FM-index (§4). FM-index is a compact version of the suffix array index: it subsamples

elements in the suffix array and compresses the original corpus, achieving a 12× smaller storage multiplier

compared to suffix arrays. However, more compute is required at inference time to decompress and recover

the dropped elements, resulting a query latency of ∼1 second in our production system.

Solve engineering blockers in scaling up the indexed data. Whenever we scale things up, practical

engineering issues will arise and block us. For infini-gram, I adapted from the implementation of Lee et al.

[2022a], but their implementation of the data structure capped the corpus at 232 ≈ 4 billion documents,

which caused problem in my regime of data size. I originally wrote the inference engine in Python, which

was good enough for research purposes; to achieve fast inference, I rewrote it in C++, which allowed me to

implement many low-level system optimizations – most notably, pre-fetching of random disk reads. Another

issue was caused by page tables, which get increasingly materialized in RAM in response to big volume of

queries and crash the production server. For OLMoTrace, tracing each LLM output naively would require

∼ 105 queries to infini-gram, and thus I developed a novel algorithm to reduce this number to ∼ 500 and

achieve second-level query latency. For infini-gram mini, we greatly improved upon the implementation of
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Gog et al. [2014] by bringing in parallelization in all time-consuming steps of index building, resulting in a

speedup of 18× and RAM use reduction of 3.2×. We also implemented on-disk inference for this bespoke

data structure, which makes index serving feasible and affordable at the Internet scale.

Build production systems with public web interfaces and APIs. To make the tools I built easily acces-

sible by anyone and democratize our understanding of LLM pretraining data, I placed them in production

environments, and developed free, public web interfaces and API endpoints for anyone to use. For infini-

gram and infini-gram mini, the backend is hosted on AWS, and the web interface is hosted on HuggingFace

Spaces; for OLMoTrace, the backend is hosted on Google Cloud Platform, and the web interface is inte-

grated into the Ai2 Playground. This was a lot of engineering work, but it paid off well. As of October

2025, infini-gram has served over 800 million API queries and powered numerous research projects in other

academic labs [Powell et al., 2024; Myers-Dean et al., 2024; Tighidet et al., 2024; Ivgi et al., 2024; Huang

et al., 2024b; Shen et al., 2024]; OLMoTrace has helped over 5k users better understand how their LLM

responses are connected to the training data.

1.4 Dissertation Outline

In §2, I will present infini-gram: how it scales up the suffix array data structure, how it supports fast text

search, and how it modernizes the classical n-gram LMs. In §3, I will discuss how I extended infini-gram

into OLMoTrace, and how OLMoTrace can help us understand, debug, and improve LLM behaviors from

a data perspective. In §4, I will present infini-gram mini: how it scales up the FM-index data structure,

the tradeoffs when comparing with infini-gram, and how it helps us reveal the benchmark contamination

problem in LLM evaluation. I will wrap up with some concluding thoughts in §5.

1.5 Prior Publications

The research presented in this dissertation is heavily based on the following jointly authored prior publica-

tions:

1. Jiacheng Liu, Sewon Min, Luke Zettlemoyer, Yejin Choi, Hannaneh Hajishirzi. “Infini-gram: Scal-
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ing Unbounded n-gram Language Models to a Trillion Tokens”. In: Proceedings of COLM. 2024. –

In §2.

2. Jiacheng Liu, Taylor Blanton, Yanai Elazar, Sewon Min, YenSung Chen, Arnavi Chheda-Kothary,

Huy Tran, Byron Bischoff, Eric Marsh, Michael Schmitz, Cassidy Trier, Aaron Sarnat, Jenna James,

Jon Borchardt, Bailey Kuehl, Evie Cheng, Karen Farley, Sruthi Sreeram, Taira Anderson, David Al-

bright, Carissa Schoenick, Luca Soldaini, Dirk Groeneveld, Rock Yuren Pang, Pang Wei Koh, Noah

A. Smith, Sophie Lebrecht, Yejin Choi, Hannaneh Hajishirzi, Ali Farhadi, Jesse Dodge. “OLMo-

Trace: Tracing Language Model Outputs Back to Trillions of Training Tokens”. In: Proceedings of

ACL, System Demonstrations Track. 2025. – In §3.

3. Hao Xu, Jiacheng Liu, Yejin Choi, Noah A. Smith, Hannaneh Hajishirzi. “Infini-gram mini: Exact

n-gram Search at the Internet Scale with FM-Index”. In: Proceedings of EMNLP. 2025. – In §4.
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Chapter 2

Searching in Pretraining-level Text Corpora

Project Page infini-gram.io

Web Interface infini-gram.io/demo

API Endpoint api.infini-gram.io

Python Package pypi.org/project/infini-gram

Documentation infini-gram.io/docs

Source Code infini-gram.io/code

Paper arxiv.org/abs/2401.17377

When pretrained on trillion-token corpora, neural large language models (LLMs) achieve groundbreak-

ing performance [Touvron et al., 2023a; Geng and Liu, 2023; Groeneveld et al., 2024]. However, we do not

Figure 2.1: An example where a 5-gram LM gives an incorrect prediction but the ∞-gram gives the correct
prediction by using the longest suffix of the prompt that has a non-zero count in the corpus. The counting
and distribution estimate in ∞-gram LM are powered by our infini-gram engine.
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yet know how such data scale would benefit other language modeling approaches. In particular, how well

does the classical, n-gram language model (LM) perform if estimated from such massive corpora? In other

words, are n-gram LMs still relevant in this era of neural LLMs?

Our answer is yes. As we will show, n-gram LMs are useful for both text analysis and improving neural

LLMs. Yet we need to first modernize the canonical n-gram LM in two aspects: the training data size, and

the value of n. To achieve broader data coverage, we scale up the training data for n-gram LMs to 5 trillion

tokens, by combining some of the largest open-source text corpora. This is the largest n-gram LM ever built.

Historically, n-gram indexes have been built only for small n’s (e.g., n ≤ 5; Brants et al. [2007]), because

the size of naive n-gram count table grows almost exponentially wrt n. We instead find significant value in

increasing the value of n. As illustrated in Figure 2.1, a 5-gram LM is poorly predictive of the next token,

because it discards the rich context in the prompt; meanwhile, if we can use a larger n (in this case n = 16),

the prediction becomes much more accurate. As such, we develop our n-gram LM with unbounded n, or in

other words, an ∞-gram LM. We use a variant of backoff [Jurafsky and Martin, 2000], where we resort to

smaller n when longer n-grams have a zero count. Due to sparsity in the ∞-gram estimates, in some of the

later experiments (§2.4), we will interpolate between the ∞-gram LM and neural LMs to yield a hybrid LM

upon which perplexity can be computed.

We develop a low-latency, resource-efficient engine to serve this massive ∞-gram LM. Instead of build-

ing an explicit n-gram count table, which is infeasible for arbitrarily large n and such extreme data scale,

we power the ∞-gram LM with a suffix array of the dataset – a data structure that supports fast n-gram

counting, and is efficient in both storage space and compute. Our index takes 7 bytes of storage per token

(3.5x overhead compared to the raw dataset), and on a dataset with 1.4 trillion tokens, it can be built with

a single 128-code CPU node in about 2 days, using 10 TB of disk storage. Average inference latency is

less than 20 milliseconds for counting an n-gram and finding all positions of its occurrence (regardless of

how large n is or how frequently the n-gram appears), and under 200 milliseconds for all other query types

including ∞-gram language modeling and decoding. All indexes stay on-disk at inference time. We refer

to this engine as infini-gram.

Analyses with ∞-gram (§2.3) offers new insights into human-written and machine-generated text. We

found that ∞-gram has a fairly high accuracy (47%) when predicting the next token given a prefix of a
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human-written document, and this accuracy is higher on tokens where the effective n is larger. In contrast,

conventional n-grams (with small n) are insufficient in capturing a long enough context to predict the next

token (29% accuracy). Moreover, we show that ∞-gram can complement neural LMs and reach better per-

formance when combined: heuristically interpolating between the estimates made by ∞-gram and neural

LMs can greatly reduce perplexity (by up to 73%) compared to the neural LMs alone, even when the neu-

ral LM is as large as 70B (§2.4). When analyzing the level of agreement with ∞-gram, nucleus sampling

[Holtzman et al., 2019] from neural LMs produces machine-generated text with an agreement plot most sim-

ilar to human-written text, among other decoding methods like greedy decoding and temperature sampling;

for greedy decoding, we observe significant fluctuation in the agreement level wrt the suffix length, which

indicates deficiencies in neural LM pretraining and the positional embeddings of Transformers.

We are hosting a public web interface and an API endpoint that serve n-gram/∞-gram queries on several

popular open corpora: Dolma [Soldaini et al., 2023], RedPajama [Together, 2023], Pile [Gao et al., 2020b],

and C4 [Raffel et al., 2019]. We hope these tools can enable more insightful analysis and understanding of

large text corpora, and open up new avenues for data-driven language modeling.

2.1 ∞-gram LM: Extending n-gram LMs with Unbounded n

Background: n-gram LM. The n-gram LM is a classical, statistical language model based on count-

ing the occurrences of n-grams. In its most simple form, the probability of a token wi given a context

wi−(n−1):i−1 is estimated as Pn(wi | wi−(n−1):i−1) =
cnt(wi−(n−1):i−1wi|D)

cnt(wi−(n−1):i−1|D) , where cnt(w | D) is the

number of times the n-gram w appears in the training data D (i.e., a corpus), and n is a pre-defined hy-

perparameter. (When n = 1, we define wi−(n−1):i−1 as the empty string ε, whose count is equal to |D|.)

However, this naive version of n-gram LM faces the sparsity issue: the numerator may be zero, resulting in

an infinite perplexity. One common solution is backoff [Jurafsky and Martin, 2000]: on an instance-wise

basis, when the numerator is zero we decrease n by one, and do this repeatedly until the numerator becomes

positive. One caveat in backoff is that it does not yield a valid distribution for Pn(∗|wi−(n−1):i−1), because

the effective n is dependent on wi. Therefore, further probability discounting is required to normalize this

distribution (e.g., Katz backoff [Katz, 1987]).

Conventionally, n-gram LMs have been implemented by building an n-gram count table of the training
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data. This table stores all unique n-grams that appear in the training data, each associated with its count.

Such n-gram count tables are huge and grow almost exponentially wrt n. For example, the 5-gram count

table for a 1.4-trillion-token corpus would consume 28 TB of disk space. As a result, previous n-gram LMs

are limited to very small n, most commonly n = 5, and to frequent n-grams only (e.g., Franz and Brants

[2006]). As we illustrated in Figure 2.1 and will further quantify in §2.3, the problem with small n is that it

discards richer context, making such n-gram LMs poorly predictive of future tokens.

∞-gram LM. The ∞-gram LM is a generalization of the n-gram LM, where conceptually we start back-

ing off from n = ∞. We use a variant of backoff: we backoff only when the denominator is zero. This

means we stop backing off as soon as the denominator becomes positive, upon which the numerator might

still be zero. On an instance-wise basis, the effective n is equal to one plus the length of the prompt’s longest

suffix that appears in the training data.

For the rest of this chapter, we will use “∞-gram” to refer to the ∞-gram LM. ∞-gram is formally

defined as

P∞(wi | w1:i−1) =
cnt(wi−(n−1):i−1wi | D)

cnt(wi−(n−1):i−1 | D)

where w1:i−1 are all tokens preceding wi in the document, and

n = max{n′ ∈ [1, i] | cnt(wi−(n′−1):i−1 | D) > 0}.

Unlike Katz backoff, P∞(∗|w1:i−1) is a valid distribution by construction and does not require discounting.

This is because the effective n is solely dependent on w1:i−1 and does not depend on wi, and
∑

wi∈V cnt(wi−(n−1):i−1wi |

D) = cnt(wi−(n−1):i−1 | D).

Further, we define the sparsity of this ∞-gram estimate: an estimate is sparse iff P (wi|wi−(n−1):i−1) =

1 for one of the wi ∈ V , and is zero for all other tokens in the vocabulary. Intuitively, this means there is

only one possible next token given this context, according to the training data. As we will show in §2.3,

sparse estimates are more predictive of the actual tokens than non-sparse ones.
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Figure 2.2: Left: the suffix array for a toy string. Right: illustration of the suffix array in the infini-gram
index, with N = 4 tokens in the dataset.

Interpolating with neural LMs. ∞-gram estimates contain zero probabilities, which may lead to infinite

perplexity. We do not attempt to compute the perplexity of the ∞-gram itself. Instead, we interpolate it with

neural LMs and show perplexity improvement over the neural LMs alone (§2.4). The combined model is

P (y | x) = λP∞(y | x) + (1− λ)Pneural(y | x),

where λ ∈ [0, 1] is a hyperparameter.

2.2 Infini-gram: A Performant Engine for n-gram/∞-gram Queries

We train ∞-gram on modern, trillion-token text corpora. However, it is practically infeasible to build n-gram

count tables with unbounded n for such massive datasets. In this section, we describe our infini-gram engine

that processes n-gram/∞-gram queries efficiently. Infini-gram is powered by a data structure called suffix

array. We will show how to build this suffix array index and how to perform n-gram/∞-gram inferences

with it.

Suffix array. The essence of n-gram and ∞-gram LMs is counting a given n-gram in the training data.

As such, we leverage the suffix array data structure, which is originally designed for efficiently counting the

number of times a given “needle” string (length L) appears as substring of a huge “haystack” string (length

N ). When the suffix array is built for a haystack string, counting a given needle string has time complexity

O(L+ logN).
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A suffix array represents the lexicographical ordering of all suffixes of an array (or a string, which is an

array of characters). For an array of length N , the suffix array contains N unique integers, where the i-th

element is the starting position of the suffix ranked i-th among all suffixes. Figure 2.2 (left) shows the suffix

array for a toy string, aabaca.

As shown in Figure 2.2 (right), we build the suffix array on the byte array of the tokenized dataset (i.e.,

token array). Documents are separated by the \xff\xff token. In the token array, each consecutive two

bytes represent a token ID (assuming that |V| < 216 = 65536). Given that the dataset has N tokens, the

token array has 2N bytes. The suffix array contains N elements, each pointing to a token in the token array

by storing its byte offset. Every tokens in the token array appears exactly once in the suffix array. Each

pointer can be stored with ⌈log2(2N)/8⌉ bytes. For corpora with 2B to 500B tokens (which is the range

we deal with, after sharding (§A.1.3)), this is 5 bytes per pointer, and thus the suffix array has 5N bytes.

Therefore, the combined size of token array and suffix array (i.e., the infini-gram index) is 7N bytes.

Building the suffix array. Suffix arrays can be built in linear time with respect to the size of the token

array [Kärkkäinen et al., 2006]. We adapted from the suffix array implementation in Lee et al. [2022b] and

further optimized it for efficiency. It took us ∼48 hours to build the suffix array for RedPajama on a single

node with 128 CPUs and 1TiB RAM. We have built the suffix arrays for Dolma (3T tokens), RedPajama

(1.4T tokens), Pile (380B tokens), and C4 (200B tokens). Since infini-gram indexes are additive (§A.1.2),

together these can be easily combined into a larger index with a total of 5 trillion tokens, and the implicit

count table contains at least 2 quadrillion unique n-grams (§A.1.1).

Inference with the suffix array. Computing the n-gram LM probability involves counting the number

of occurrences of a token string, i.e., cnt(x1...xn). By construction, the occurrence positions of strings

starting with x1...xn lies in a single, consecutive segment in the suffix array. Thus we only need to find the

first and last occurrence positions, and the count would be the difference between them. Beyond counting

and n-gram/∞-gram language modeling, infini-gram can also be used to retrieve documents containing an

n-gram, or a CNF expression with multiple n-grams (§A.1.4).

During inference, the entire infini-gram index can stay on-disk, which minimizes the compute resources

needed (no GPU, and minimal CPU / RAM). In §A.1.4, we discuss several optimization techniques applied
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to the inference engine: parallelized shard processing, hinted search, memory pre-fetching, fast effective-n

lookup, and amortized query processing. On RedPajama, our most optimized infini-gram engine can count

a given n-gram with an average latency of less than 20 milliseconds. It can compute the probability and

next-token distribution in 40 milliseconds for n-gram LMs, and in 200 milliseconds for the ∞-gram. See

§A.1.5 for the full list of supported query types and additional details on latency benchmarking.

2.3 Analyzing Human-written and Machine-generated Text using ∞-gram

In this section, we present some analyses of human-written and machine-generated text from the perspective

of ∞-gram, mostly focusing on the token-wise agreement between ∞-gram’s prediction and the actual text.

In summary, we found that:

1. ∞-gram has a fairly high accuracy (47%) when predicting the next token given a prefix of a human-

written document, and this accuracy is higher when a longer suffix of the prompt can be used (i.e.,

when the effective n is larger);

2. Conventional n-gram LMs (n ≤ 5) are insufficient for capturing a long enough context to deter-

mine the next token, while our ∞-gram method is highly predictive of human-written and machine-

generated text;

3. ∞-gram has significant potential to complement and improve neural LMs when predicting human-

written text (which we further investigate in §2.4);

4. When plotting the agreement level with respect to the suffix length, text generated by neural LMs

with nucleus sampling is most similar to human-written text, among other decoding methods like

greedy decoding and temperature sampling. For greedy decoding, the agreement plot suffers from

significant fluctuation, which may be rooted in deficiencies in neural LM pretraining and the positional

embeddings of Transformers.

∞-gram training data. For analyses in this section, we use a decontaminated version of Pile’s training

set (“Pile-train”) [Gao et al., 2020b] as training data for the ∞-gram. We built an infini-gram index on

Pile-train using the Llama-2 tokenizer [Touvron et al., 2023b], and yield 360 billion tokens.

35



Figure 2.3: Token-wise agreement between human-written text and n-gram/∞-gram LMs.

Decontamination. It is important that the training data is decontaminated against the evaluation data,

because otherwise it is very easy for ∞-gram to cheat by copying from the very same document in the

training data. We run decontamination of Pile-train against its validation and test sets (“Pile-val” and “Pile-

test”, which we will use for evaluation below and also in §2.4), using the method from Groeneveld [2023]

that filters out a document if it has excessive n-gram overlap with the evaluation data. See §A.2 for more

details.

Decontamination is non-trivial, and its definition could vary (e.g., when there is an identical sentence,

is it contamination, or is it a quote that naturally occurs in real test-time scenarios?) Thus we followed the

standard best practices for decontamination.

2.3.1 Human-written text

Setup. We use Pile-val set as the human-written text. For this analysis, we sampled 50 documents from

each domain of Pile-val, and truncated each document to 1024 tokens (so the total number of tokens per

domain is about 50k). We aggregate results from all domains.

We measure the token-wise agreement between ∞-gram’s prediction and the actual human-written text.

Since computing the full next-token distribution (or the argmax of it) in ∞-gram is relatively slow, we

compute the ∞-gram probability of the actual next-token, and deem it as accurate if this probability is

higher than 0.5. (This is a lower-bound of argmax accuracy, though the gap is small.) We further categorize

all tokens by their effective n, i.e., one plus the length of their prompt’s longest suffix that has a non-zero

count in the training data. For each category, we visualize the number of such tokens (in gray bars) as well

as the agreement level (in green dots) in the middle plot of Figure 2.3.
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Figure 2.4: Distribution of probabilities assigned by neural LMs to human-written text tokens, and ∞-
gram’s agreement with these tokens. Takeaway: ∞-gram and neural LMs are predictive of actual human
text on different tokens, and thus ∞-gram estimates – especially sparse ∞-gram estimates – can be used to
complement neural LMs. See Figure A.3 for extended results on Llama-2 13B/7B models.

Results. Overall, ∞-gram agrees with the human-written text on 47% of the tokens. We see that ∞-gram

becomes more accurate with the increase of effective n: when the effective n ≥ 16, agreement is higher

than 75%. Further analysis (Appendix Figure A.2) shows that the count of this longest suffix in the training

data does not affect agreement substantially.

In the left plot of Figure 2.3, we show the same analysis for a 5-gram LM trained on the same data, and

it has much lower agreement than the ∞-gram. 5-gram LMs, which has been used extensively in previous

literature [Franz and Brants, 2006; Aiden and Michel, 2011], does not capture a long enough context to

correctly predict the next token: over 90% tokens in the evaluation data has an effective n of at least 5, and

the ∞-gram analysis shows that the median of effective n is 7 (and mean is 9.1).

In the right plot of Figure 2.3, we show the same analysis for only tokens with a sparse ∞-gram estimate,

which covers more than 50% of all tokens. The overall agreement is even higher (75%), and when the

effective n ≥ 14, agreement is higher than 80%. This means when the next token is unique according to the

training data, that unique token is very likely to be the actual token in human-written text.

Qualitatively, we found that ∞-gram is often good at completing multi-token words (e.g., hippopotamus,

correctly predicted tokens are underlined), common phrases (e.g., born in), and entity names (e.g.,

educated at Trinity College). ∞-gram is not very good at recalling factual knowledge (e.g.,

predicting the first token of an entity name), likely due to insufficient contextualization.

∞-gram can shine where neural LMs fail. In Figure 2.4, we plot the distribution of probabilities as-

signed by the Llama-2 70B/13B/7B models [Touvron et al., 2023b] to the actual tokens in human-written
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Figure 2.5: Token-wise agreement between machine-generated text and ∞-gram. All tokens are considered.
See Figure A.4 for results on GPT-Neo models.

text, and the human–∞-gram agreement for tokens in each probability bucket. (The higher the assigned

probability, the higher agreement Llama-2 has with the actual tokens.) We observe a positive, yet imperfect,

correlation between neural LMs and ∞-gram regarding their agreement with the actual text. In particular,

when the neural LM performance is very poor (left side of the histogram), ∞-gram still gives a non-trivial

agreement of above 20%; if only considering tokens with sparse ∞-gram estimates, the agreement is as high

as 50%. This indicates a huge potential of complementing and improving the performance of neural LMs

with ∞-gram for predicting human-written text, which we further investigate in §2.4.

2.3.2 Machine-generated text

Setup. Similar to the analysis with human-written text, we sampled 50 documents from each domain of

Pile-val. We use the first 50 tokens of each document to prompt neural LMs to generate a continuation.

Generation continues up to the original length of the document, or when an [EOS] token is generated. We

experiment with three decoding methods: greedy decoding, temperature sampling, and nucleus sampling

[Holtzman et al., 2019]. The neural LMs are Llama-2 70B/13B/7B, GPT-J 6B [Wang and Komatsuzaki,

2021], and GPT-Neo 2.7B/1.3B/125M [Gao et al., 2020b]. The tokenizer of GPT-Neo/J is different from

Llama-2, so we built a separate version of infini-gram index for Pile-train based on the GPT-Neo/J tokenizer.
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Impact of decoding method. The top row of Figure 2.5 shows results of the three decoding method on

the same neural LM – Llama-2 70B. In general, increasing stochasticity shifts the effective n to the smaller

side, and also decreases the agreement level. Nucleus sampling has the most similar distribution of effective

n compared to human-written text (Figure 2.3, middle plot), which is probably why nucleus sampling is

usually preferred in text generation. Greedy decoding has even higher effective n than human-written text,

which implies that greedy decoding could lead to over-memorization of training data as well as lack of

diversity.

Impact of model size. The bottom row of Figure 2.5 shows the same analysis for different sizes of neural

LM under greedy decoding. In general, increasing model size slightly increases the effective n, and also

increases the agreement level. This indicates that larger models memorizes more from the training data, and

are also more inclined to copy verbatim. The agreement level of GPT-Neo/J models is higher than Llama-2

models, probably because GPT-Neo/J are trained on the same data as the ∞-gram (i.e., Pile-train). Overall,

text generated by these neural LMs has similar agreement level with ∞-gram as human text.

One very curious phenomenon is that, as effective n increases, the agreement level fluctuates greatly in

greedy decoding (but not nucleus or temperature sampling, where agreement level almost increases mono-

tonically). Such fluctuation is even more rapid for smaller models (Llama-2 13B/7B and GPT-Neo/J mod-

els), and for Llama-2 7B the fluctuation is even periodic (rapidly dropping at effective n = 20, 24, 28, 32;

this is statistically significant, a two-proportion z-test gives a p-value of < 10−99). We suspect that this may

be caused by the application of positional embeddings when pretraining these Transformer-based models,

and we welcome further investigation from the community.

2.4 Improving Neural LMs with the ∞-gram

The results in §2.3 motivate us to combine neural LMs and ∞-gram (§4.2) to yield better language models.

In this section, we will show strong experimental results of the combined model. In §2.3 we found that

the ∞-gram estimate has higher agreement with human-written text when it is sparse. Therefore, we use

two separate interpolation hyperparameters: λ1 for sparse and λ2 for non-sparse ∞-gram estimates. These

hyperparameters are tuned on the validation set to minimize the perplexity of the combined model.
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2.4.1 Experimental setup

Evaluation and metric. We measure the perplexity of each model on Pile’s validation and test sets, as

well as the relative improvement of perplexity between models. To show generalization, we also evaluate

on time-shifted data (i.e., data created after the cutoff date of the ∞-gram training data). The relative

improvement of model M against model Mo is defined as (1− PPL(M)−1
PPL(Mo)−1)×100%, which is the percentage

of perplexity gap closed towards perfect language modeling (i.e., PPL = 1). Additional details on evaluation

data processing in §A.4.1.

Reference data. To reduce confusion, in this section we will use reference data to refer to the training

data of the ∞-gram. In addition to Pile’s training set that we used in the previous analyses (§2.3), we

also consider RedPajama [Together, 2023] as reference data. The decontaminated Pile-train and Redpajama

have 360 billion and 1.4 trillion tokens, respectively, summing up to 1.8 trillion tokens (based on the Llama-2

tokenizer). We later perform ablations on varying sizes and domains of the reference data.

Neural LMs. We use a range of large, competitive neural LMs, both as baselines and as models to interpo-

late with the ∞-gram. In total, 14 models are considered: GPT-2 117M/345M/774M/1.6B [Radford et al.,

2019], GPT-Neo 125M/1.3B/2.7B, GPT-J-6B, Llama-2 7B/13B/70B, and SILO PD/PDSW/PDSWBY [Min

et al., 2023a]. See §A.4.1 for additional details about these models and their training data.

Tokenizers. Among these models, GPT-2, GPT-Neo and GPT-J share the same tokenizer, but Llama-2 and

SILO use different tokenizers. We therefore built three versions of the infini-gram index on Pile-train and

RedPajama, one for each tokenizer. Due to the tokenizer variation, the perplexity of GPT-2, GPT-Neo and

GPT-J are comparable to each other, but perplexity of Llama-2 and SILO are not comparable to them nor to

each other.

2.4.2 Results

Experimental results with GPT-2, GPT-Neo/J, and Llama-2 on Pile’s evaluation sets are shown in Table 2.1.

Results on time-shifted data can be found in §A.4.2, and we show the impact of the size and domain of

reference data in §A.4.3.
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Neural LM Size Reference Data Validation Test

Neural +∞-gram Neural +∞-gram

GPT-2 117M Pile-train 22.82 13.71 (42%) 22.86 13.58 (42%)

GPT-2 345M Pile-train 16.45 11.22 (34%) 16.69 11.18 (35%)

GPT-2 774M Pile-train 15.35 10.39 (35%) 15.40 10.33 (35%)

GPT-2 1.6B Pile-train 14.42 9.93 (33%) 14.61 9.93 (34%)

GPT-Neo 125M Pile-train 13.50 10.76 (22%) 14.08 10.79 (25%)

GPT-Neo 1.3B Pile-train 8.29 7.31 (13%) 8.61 7.36 (16%)

GPT-Neo 2.7B Pile-train 7.46 6.69 (12%) 7.77 6.76 (15%)

GPT-J 6.7B Pile-train 6.25 5.75 (10%) 6.51 5.85 (12%)

Llama-2 7B Pile-train 5.69 5.05 (14%) 5.83 5.06 (16%)

Llama-2 13B Pile-train 5.30 4.75 (13%) 5.43 4.76 (15%)

Llama-2 70B Pile-train 4.59 4.21 (11%) 4.65 4.20 (12%)

Llama-2 7B Pile-train + RedPajama 5.69 4.66 (22%) 5.83 4.66 (24%)

Llama-2 13B Pile-train + RedPajama 5.30 4.41 (21%) 5.43 4.42 (23%)

Llama-2 70B Pile-train + RedPajama 4.59 3.96 (18%) 4.65 3.95 (19%)

Table 2.1: Perplexity (lower is better) on Pile’s validation and test sets. Numbers in parentheses are the
relative perplexity improvement. The first eight rows share the same tokenizer, and the last six rows share
the same tokenizer.

Interpolating with ∞-gram greatly and consistently improves the perplexity of neural LMs. The magni-

tude of improvement trends smaller as the neural LM size grows within the same family, while the largest

models can still benefit a lot from our method (e.g., Pile-train alone improves Llama-2 70B by 12%).

However, this trend does not hold across different families of LMs. For example, ∞-gram can improve

GPT-2 1.6B by 34%, but only improves a smaller model, GPT-Neo 1.3B, by 16%. This may be because

GPT-Neo/J models are trained precisely on Pile, while GPT-2 models are not. ∞-gram works better when

the reference data distribution differs from, or complements, the pretraining data distribution, which empha-

sizes the importance of data diversity. Meanwhile, the fact that ∞-gram also improves neural LMs already

pretrained on its reference data shows that there is consistent advantage in introducing ∞-gram.

On the choice of ∞-gram reference data, the union of Pile-train and RedPajama yields larger improve-

ments on the Llama-2 models than Pile-train alone. The combination of Llama-2 13B and ∞-gram with

Pile-train + RedPajama outperforms Llama-2 70B, and interpolating with ∞-gram pushes the perplexity of

Llama-2 70B below 4.0.

When the neural LM is SILO (which is trained on permissive-licensed data only and thus has less train-

ing data), adding the ∞-gram component is more helpful when SILO is trained on more restrictive data (i.e.,
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Neural LM Validation Test

Neural +∞-gram + kNN-LM† + RIC-LM† Neural +∞-gram + kNN-LM† + RIC-LM†

Eval data: Wikipedia
Silo PD 26.60 15.30 (43%) 20.62 27.91 28.42 14.44 (51%) – –
Silo PDSW 18.93 12.36 (36%) 14.10 18.90 20.02 11.84 (43%) 14.5 19.4
Silo PDSWBY 10.66 8.77 (19%) 10.14 10.87 10.76 8.41 (24%) – –
Pythia 9.00 – 8.50 8.84 9.1 – – –

Eval data: Enron Emails
Silo PD 19.56 6.31 (70%) 8.56 15.45 15.71 4.85 (73%) – –
Silo PDSW 14.66 5.58 (65%) 6.70 10.80 11.23 4.35 (66%) 5.9 9.9
Silo PDSWBY 14.67 5.61 (65%) 7.24 10.91 11.52 4.44 (66%) – –
Pythia 7.577 – 4.99 6.16 6.9 – – –

Eval data: NIH ExPorters
Silo PD 27.46 16.26 (41%) 19.27 25.51 27.94 16.00 (44%) – –
Silo PDSW 19.35 12.70 (35%) 14.95 18.35 19.12 12.39 (37%) 15.0 18.5
Silo PDSWBY 15.01 10.62 (30%) 12.33 14.29 14.81 10.33 (32%) – –
Pythia 11.20 – 11.20 10.83 11.1 – – –

Table 2.2: Perplexity (the lower the better) on the validation and the test datasets of the Wikipedia, Enron
Emails, and NIH ExPorters of the Pile. All neural models are 1.3B models, and the reference data is always
the Pile. ■ indicates in-domain; ■ indicates out-of-domain; ■ indicates out-of-domain but has relevant data
in-domain, all with respect to the training data of the neural LM. †: Results retrived from Min et al. [2023a],
which use much smaller reference data: 45-million to 1.2-billion tokens, compared to our 360-billion tokens.

PD > PDSW > PDSWBY). The usage of ∞-gram can be precisely traced back to the contributing docu-

ment(s) in the reference data, which is in-line with the philosophy of SILO: to allow crediting the source

data when using them for language modeling. When compared to the existing retrieval-augmentation meth-

ods used by SILO, i.e., kNN-LM and RIC-LM, ∞-gram yields better improvement in perplexity. Therefore,

∞-gram can serve as a better alternative as the retrieval-augmentation method for SILO.

A note on text generation. While ∞-gram can be interpolated with neural LMs and greatly improve their

perplexity, our preliminary experiments show that such method might not be helpful, and even harmful,

to open-ended text generation tasks. During generation, ∞-gram can make odd mistakes (e.g., predicting

totally irrelevant tokens) which makes the model to digress. Thus this combined model is not ready to

replace neural LMs. Additional investigation is required to make ∞-gram best contribute to text generation.
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2.5 Related Work

We discuss closely related work here. See §A.5 for extended discussion, and Table A.4 for comparison with

other n-gram models and nonparametric language models.

n-gram language models. n-gram has been one of the most classical language modeling methods since

the inception of natural language processing [Jurafsky and Martin, 2000]. People have been pushing the

limits of n-gram LMs by scaling up its training data. To date, the largest n-gram table [Brants et al., 2007]

counts 5-grams in a corpus of 2 trillion tokens.

While n-gram LMs are currently largely surpassed by neural LMs, there has been recent work that revisit

n-grams and n-gram LMs. Mikolov and Zweig [2012] finds that interpolating with a 5-gram Kneser-Ney

model improves the perplexity of RNN models, whereas Khandelwal et al. [2020] finds that interpolating

n-gram models with Transformers does not improve perplexity substantially. Li et al. [2022] finds that the

n-gram model is as competitive as a small neural LM, and training a neural model to be complementary

to the n-gram model and using both at inference time outperforms the neural-only LM. However, both use

limited reference data (101M tokens) and compare with small neural LMs (117–250M parameters). Some

prior work has found value in scaling up the n-gram training data [Allamanis and Sutton, 2013].

Our work scales up the training data of n-gram LMs to trillions of tokens. With the addition of scaling

up the value of n in the n-gram, our model can significantly improve state-of-the-art neural models as large

as 70B.

Unbounded n-grams, suffix arrays, suffix trees. Previous work has explored using suffix-based data

structures to enable n-gram queries with unbounded n, with limited scale of the training data. Stehouwer

and van Zaanen [2010] proposes to use suffix arrays for ∞-gram, and yet their formulation does not yield

proper probability distributions and, consequently, a language model. Kennington et al. [2012] proposes

to use suffix trees for the same purpose, and yet the storage overhead of suffix trees is very high such that

it hinders scaling, which may be mitigated with highly intricate compression techniques [Shareghi et al.,

2015]. Among the three aforementioned papers, only the third evaluates on the general language modeling

task, and the perplexity numbers are too high to be practically useful. Our training data is 500x larger than
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the largest one in these previous work.

Nonparametric language models. Nonparametric LMs refer to LMs whose complexity is not bounded

a priori, because the complexity can change according to the reference data [Khandelwal et al., 2020;

Borgeaud et al., 2022; Asai et al., 2023]. The ∞-gram LM is one instance of nonparametric LMs, and

its simplicity makes it possible to significantly scale the reference data with modest resources (§2.2). To the

best of our knowledge, our ∞-gram LM is the largest in both the size of the reference data (5 trillion tokens)

and the size of the base neural LM (70B).

2.6 Summary

In this chapter, we modernized the classical n-gram language model by scaling it up to a trillion tokens

and extending to unbounded n. We presented the infini-gram engine that performs efficient training and

inference under this extreme setup. We also proposed the ∞-gram language model, powered by the infini-

gram engine, and showed that it can offer novel insights into human-written and machine-generated text and

can improve existing neural language models.
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Chapter 3

Tracing Language Model Outputs back to

the Massive Training Data

Web Interface playground.allenai.org

Source Code github.com/allenai/infinigram-api

Blog Post allenai.org/blog/olmotrace

Paper arxiv.org/abs/2504.07096

Tracing the outputs of language models (LMs) back to their training data is an important problem. As

LMs gain adoption in higher-stakes scenarios, it is critical to understand why they generate certain responses.

However, these modern LMs are trained on massive text corpora with trillions of tokens, which are often

proprietary. Fully open LMs (e.g., OLMo; OLMo et al. 2024) enable access to the training data, but existing

behavior tracing methods [Koh and Liang, 2017; Khalifa et al., 2024; Huang et al., 2024a] have not been

scaled to work within this multi-trillion-token setting due to their heavy computational needs.

In this chapter, we introduce OLMOTRACE, a system that traces LM outputs verbatim back to its full

training data and displays the tracing results to LM users in real time. Given an LM response to a user

prompt, OLMOTRACE retrieves documents from the model’s training data that contain exact matches with

pieces of the LM response that are long, unique, and relevant to the whole response; see Figure 3.1 for an

example.

The key idea that makes OLMOTRACE fast is that exact matches can be quickly located in a large text

corpus if we pre-sort all of its suffixes lexicographically. We use infini-gram [Liu et al., 2024b] to index the
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Figure 3.1: OLMOTRACE on Ai2 Playground. Left: On a response generated by OLMo, OLMOTRACE

highlights text spans found verbatim in the model’s training data and shows their source documents. Brighter
highlights indicate spans from more relevant training documents, while darker highlights denote less relevant
ones. Right: When user clicks the “View Document” button, the document is shown with extended context.
Try OLMOTRACE at https://playground.allenai.org.

training data and develop a novel parallel algorithm to speed up the computation of matching spans (§3.2). In

our production system, OLMOTRACE completes tracing for each LM response (avg. ∼450 tokens) within

4.5 seconds on average.

The purpose of OLMOTRACE is to give users a tool to explore where LMs may have learned to generate

certain word sequences, focusing on verbatim matching as the most direct connection between LM outputs

and the training data. OLMOTRACE offers an interactive experience, so that users can explore which train-

ing documents contain a specific span in the LM response, or inspect a particular document and locate its

matching spans in the LM response. We present three case studies for ways to use OLMOTRACE (§3.4):

(1) fact checking, (2) tracing the LM-generated “creative” expressions, and (3) tracing math capabilities.

We invite the community to explore more use cases to better understand the relationship between data and

models.

OLMOTRACE is available in the Ai2 Playground1 and supports the three flagship OLMo models [OLMo

1https://playground.allenai.org
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Stage Dataset # Docs # Tokens

pre-training allenai/olmo-mix-1124 3081 M 4575 B
mid-training allenai/dolmino-mix-1124 81 M 34 B
post-training SFT & DPO & RLVR 1.7 M 1.6 B

Total 3164 M 4611 B

Table 3.1: The full training data of OLMo-2-32B-Instruct, which OLMOTRACE matches against. For mid-
training data, we excluded sources that already appeared in the pre-training data, from both the statistics and
the index.

et al., 2024; Muennighoff et al., 2024] including OLMo-2-32B-Instruct.2 For each model, it matches against

its full training data, including pre-training, mid-training, and post-training. OLMOTRACE can be applied

to any LM as long as the service provider has access to its full training data. The core part of the system is

open-sourced under the Apache 2.0 license.3

3.1 System Description

Features of OLMOTRACE. Figure 3.1 shows OLMOTRACE applied to an LM response. When OL-

MOTRACE is enabled in the Ai2 Playground, it highlights the matching spans in the response, and shows

all training documents matching at least one of these spans in a document panel. OLMOTRACE supports

inspecting the documents that match with any particular highlighted span (App. Figure B.1, left), and locat-

ing the spans enclosed by any particular document (App. Figure B.1, right). In the document panel, each

document is shown with a snippet of 80 tokens surrounded the matched span; OLMOTRACE allows users

to further inspect the document with an extended context (500 tokens).

The training data. The three supported OLMo models are trained on the same pre-training and mid-

training data, and slightly different post-training data. OLMOTRACE matches against the entirety of an

LM’s training data. Table 3.1 shows links and statistics of the training data of OLMo-2-32B-Instruct, which

totals 3.2 billion documents and 4.6 trillion (Llama-2) tokens. The other two OLMo models have similar

training data size.

2https://huggingface.co/allenai/OLMo-2-0325-32B-Instruct
3https://github.com/allenai/infinigram-api
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Figure 3.2: The OLMOTRACE inference pipeline, as described in §3.2. For better illustration, we slightly
adjusted the highlighted spans and document relevance from the actual example.

3.2 The Inference Pipeline

OLMOTRACE takes as input an LM response to a user prompt, and outputs (1) a set of text spans in the LM

response, each marked by its starting and ending position, and (2) a list of documents from the training data

of this LM, each containing one or more of the aforementioned text spans. The OLMOTRACE inference

pipeline consists of the following five steps (illustrated in Figure 3.2):

Step 1: Find maximal matching spans. We find all maximal spans in the LM output that appear verbatim

in the training data. Specifically, we first tokenize the LM output with the Llama-2 tokenizer, and find all

spans of the token ID list that satisfy the following criteria:

1. Existence: The span appears verbatim at least once in the training data;

2. Self-contained: The span does not contain a period token (.) or newline token (\n) unless it appears

at the end of the span; and the span does not begin or end with incomplete words;

3. Maximality: The span is not a subspan of another span that meets the above two criteria.

This is the most compute-heavy step, since naively we need to enumerate all O(L2) spans of the LM output

(where L is the length of the LM output in tokens, and typically L ∈ [102, 103]) and scan the entire training

data (with N tokens where N > 1012). We propose a fast algorithm to compute these maximal matching
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spans (§3.2.1), which reduces the time complexity to O(L logN), and latency to O(logN) when fully

parallelized. After this step, we have a set of relatively long spans that appear in the training data.

Step 2: Filter to keep long and unique spans. To declutter the UI and only show spans that are more

likely “interesting”, we filter spans to keep ones with the smallest span unigram probability, a metric that

captures both length and uniqueness. The span unigram probability is defined as the product of unigram

probabilities of all tokens in the span, where the token unigram probability derived from statistics of the

LM’s entire training data. (We pre-compute and cache the token unigram probability for the entire vocabu-

lary.) A lower span unigram probability usually means the span is relatively long and contains non-common

tokens. We keep K spans with the smallest unigram probability, where K = ⌈0.05× L⌉.

During development, we tried keeping the longest spans instead of those with smallest span unigram

probability. However, we found that ranking with the span length metric leads to worse relevance level on

documents retrieved from the filtered spans (see measurement of relevance in App. §B.3 and Table B.2), and

thus we favored the span unigram probability metric. We chose unigram over bigram or trigram because

they computing them (either online or pre-caching) takes a lot of time.

Step 3: Retrieve enclosing documents. For each kept span, we retrieve up to 10 document snippets from

the training data that enclose this span. Due to the maximality criterion in step 1, most spans appear no more

than 10 times. If a span exceeds this limit, we randomly sample 10 to keep retrieval time manageable and

avoid UI overload.

Step 4: Merge spans, merge documents. To further declutter the UI, we merge (i.e., take the union of)

overlapping spans into a single span to be highlighted in the LM output. Also, if two snippets are retrieved

from the same document, we merge them into a single document to be displayed in the document panel.

Step 5: Rerank and color documents by relevance. To prioritize showing the most relevant documents,

in the document panel we rank all documents by a BM25 score in descending order. The per-document

BM25 score is computed by treating the collection of retrieved documents as a “corpus”, and the concate-

nation of user prompt and LM response as the “query”.4 We use this BM25 score because it has fairly high

4We use the implementation in https://github.com/dorianbrown/rank_bm25
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Figure 3.3: Computation of the maximal matching spans (§3.2.1). For each suffix of the LM output,
OLMOTRACE computes its longest matching prefix (color-underlined) with a single FIND query on the
infini-gram index of the LM training data. All suffixes of the LM output are processed in parallel. Finally,
non-maximal spans are suppressed.

agreement with human judgment on topical relevance (§3.3), and can be quickly computed using CPUs.

Subsequently, we bucket the BM25 scores into three levels – high relevance, medium relevance, and low

relevance – and display a colored sidebar on each document to represent its relevance level. High relevance

are highlighted with the most saturated color, and low relevance with the least saturated color. We also

apply this differential coloring on span highlights: a span’s relevance level is computed as the maximum rel-

evance level among documents enclosing the span. As a result, users are more likely to find highly relevant

documents for spans highlighted with the most saturated color.

3.2.1 Fast Span Computation

Efficiently identifying all maximal matching spans across multi-trillion-token corpora is a non-trivial chal-

lenge. To tackle this, we index the training corpora with infini-gram [Liu et al., 2024b] and develop a new

parallel algorithm for fast span computation.

Infini-gram. Infini-gram is a text search engine. It supports efficiently counting text queries and retrieving

matching documents in massive text corpora with trillions of tokens. To make operations fast, infini-gram

indexes text corpora with the suffix array (SA) data structure, and at inference time keeps the huge index

files on low-latency SSD disks to avoid loading them into RAM. For OLMOTRACE, we build an infini-gram

index on the tokenized version of the LMs’ training data (using the Llama-2 tokenizer). On top of this index,

in this work we devise a novel parallel algorithm to compute maximal matching spans with low compute

latency (Figure 3.3 and Algorithm 1); we discuss this algorithm and its implementation below.
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Algorithm 1 Compute maximal matching spans.
Input Model output S1:L (tokenized), training text corpus T1:N (tokenized) and its suffix array A1:N

procedure GETMAXIMALMATCHINGSPANS(S, T,A)
spans← []
for b = 1, . . . , L do ▷ execute in parallel

if Sb is a begin-of-word token then
len← GETLONGESTPREFIXLEN(Sb:L, T, A)
spans← spans + [(b, b+ len)]

return SUPPRESSNONMAXIMALSPANS(spans)
procedure GETLONGESTPREFIXLEN(s, T,A)

(l, r)← FIND(s, T,A) ▷ an infini-gram query
if l ̸= r then ▷ non-empty segment, s is found in T

len← |s|
else ▷ empty segment, s is not found in T

len1← LONGESTPREFIXLEN(s, TA[l]:)
len2← LONGESTPREFIXLEN(s, TA[l+1]:)
len← max(len1, len2)

while s:len−1 contains a delimiter token OR slen+1 is not a begin-of-word token do
len← len− 1

return len
procedure SUPPRESSNONMAXIMALSPANS(spans)

sort spans by beginning position in ascending order
newspans← []
maxend← 0
for (b, e) in spans do

if maxend < e then
maxend← e
newspans← newspans + [(b, e)]

return newspans

Problem analysis. The problem of finding all maximal matching spans can be broken down into two

steps: (1) finding the longest matching prefix of each suffix of the LM output; and (2) suppressing the non-

maximal spans. This is because starting from each position, there can be at most one span that is a maximal

matching span (if there are two, then one is a subspan of the other and thus is not maximal). The first step

consists of multiple independent tasks that can be parallelized, and as we will show below, each task can

be done with one FIND query. FIND is a core query operation in infini-gram; it returns the segment of SA

that corresponds to all occurring positions of a search term in the text corpus. Since in infini-gram, the

processing speed of FIND queries is bounded by disk I/O latency and there is a lot of unused throughput,

parallelizing these queries can reduce the overall compute latency. In fact, with parallelization, the overall

processing speed is bottlenecked by the disk I/O throughput, and thus in our production system we store the

index files on high-IOPS SSD disks.
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Finding the longest matching prefix of a suffix. With FIND queries, the length of the outputted segment

is the count of the search term in the text corpus. Naively, we can run FIND queries on incrementally long

prefixes of the LM output’s suffix until the count becomes zero (which takes O(L) queries), or we can do

binary-lifting + binary-search to reduce to O(logL) queries. However, we show below that we can do this

with one single FIND query (O(1)).

We use the fact that when the search term does not exist in the text corpus, FIND would return a 0-

length segment (delimited by a left-inclusive starting position and a right-exclusive ending position that

are identical), where the previous (or next) SA element corresponds to the suffix in the text corpus that

lexicographically precedes (or succeeds) the search term (see Figure 3.3). Consequently, the suffix in the

text corpus that shares the longest common prefix (LCP) with the search term must come from one of these

two neighboring suffixes, and inspecting these two suffixes would tell us the length of the longest matching

prefix for this search term. Therefore, we can simply run FIND once with the entire LM output’s suffix to

find out its longest matching prefix.

In reality, we shard the infini-gram index because each shard is limited to 500B tokens. In case there are

multiple shards, we run FIND on each one in parallel, and take the maximum of LCP length from all shards.

Note that to retrieve documents containing the longest matching prefix, we need to run a second FIND

query to locate all its occurrences in the SA. In practice, we run this query immediately after the first one to

leverage temporal locality in the disk cache.

Suppressing non-maximal spans. We gather the longest matching prefix of all suffixes into a list of spans.

These spans begin at monotonically increasing positions, but end at monotonically non-decreasing positions

that may still be identical, and thus there may still be non-maximal spans (see Figure 3.3). To remove the

non-maximal spans, we make a pass on the spans in increasing order of the beginning position, and only

keep spans with an ending position larger than that of the previously encountered spans.

3.2.2 Benchmarking Inference Latency

We host the inference pipeline on a CPU-only node in the Google Cloud Platform. The node has 64 vC-

PUs and 256GB RAM, and we store the index files on 40TB of SSD disks. See App. §B.2 for a detailed

description of our production system.
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Figure 3.4: Statistics of spans and documents outputted by OLMOTRACE. Left: The spans selected are
relatively long, with a mean length of 10.4 tokens. Middle: The max attainable BM25 relevance score of a
document is roughly proportional to the response length, so we make the score thresholds proportional to the
response length. Right: The relevance score of a span is the max score among its corresponding documents.

We empirically benchmark the latency of the most compute-intensive part of our inference pipeline:

steps 1–3, which include computing maximal matching spans and retrieving document snippets. We collect

98 conversations from internal usage of OLMo models in the Ai2 Playground, and send them to OLMO-

TRACE. On average, each LM response has 458 tokens, and the OLMOTRACE inference latency per query

is 4.46 seconds. This is in line with our disk I/O analysis in App. §B.2. The low inference latency allows us

to present OLMOTRACE results to users in real time and offer a smooth user experience.

3.3 Analyses

We analyze the some properties of the spans and documents outputted by OLMOTRACE, using the same 98

conversations as in §3.2.2.

Length of spans. We report the length of spans given after step 2 (filtering for long and unique spans,

before merging). The spans have a mean length of 10.4 tokens and a median of 10 tokens. Figure 3.4 (left)

shows the distribution of span lengths. This tells us that there are many long pieces of text shared between

the LM output and its training data, which are revealed by OLMOTRACE.

Relevance score of documents. To improve user experience, OLMOTRACE reranks the retrieved docu-

ments by relevance to the LM output using BM25. We found that the maximum attainable BM25 score is
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roughly capped by 0.18 times the number of characters in the LM output (Figure 3.4, middle), so we nor-

malize the BM25 scores by this coefficient. After normalization, we bucket the scores as follows: ≥ 0.7 is

high relevance, between 0.5 and 0.7 is medium relevance, and < 0.5 is low relevance. We empirically found

these thresholds to be aligned with human expectations, and this puts 14% of documents as high relevance.

We use the same normalization and thresholds for span scores (Figure 3.4, right), rendering 19% of spans

as high relevance.

Validating the relevance rankings. We conducted a study to evaluate the relevance level of the top dis-

played documents to the LM output. We first composed a rubric for scoring document relevance on a 0–3

scale (App. Table B.1, left), and asked a human expert to annotate the top-5 displayed documents for each

conversation according to this rubric. This human evaluation round was done with OLMOTRACE results

under a different hyperparameter setting than our final setting, and we later improved the setting under the

guidance of LLM-as-a-Judge evaluation. The first document displayed in each conversation received an

average relevance score of 1.90 (roughly meaning “being on the same topic as the LM output), and the top-5

documents scored an average of 1.43 (App. Table B.2). We then switched to LLM-as-a-Judge evaluation

[Zheng et al., 2023] with gpt-4o, and found that it mostly agrees with human evaluation (with a Spearman

correlation coefficient of 0.73). LLM-as-a-Judge assigned slightly lower scores overall, with average scores

of 1.73 and 1.28 on first and top-5 documents, respectively. We then used LLM-as-a-Judge to guide the tun-

ing of several hyperparameters in OLMOTRACE, and our final setting achieved average LLM-as-a-Judge

scores of 1.82 on first documents and 1.50 on top-5 documents. See App. §B.3 for additional details on

relevance evaluation and hyperparameters tuning.

Training stage of retrieved documents. Among the retrieved documents, we found the vast majority

(96.7%) belong to the pre-training data, 0.9% belong to the mid-training data, and 2.4% to the post-training

data. Among post-training, 0.9% are from the SFT data, 1.5% are from the DPO data, and none are from

the RLVR data. We note that this distribution heavily depends on the topic of the conversation: for example,

a math-heavy LM output may result in more documents retrieved from SFT and RLVR datasets.

54



(a) Fact checking: Inspecting the document (and its source
URL) helps verify the factual claim made in the span.

(b) Tracing “creative” expressions: Matching spans re-
veal potential source of LM-generated “creative” expres-
sions.

(c) Tracing math capabilities: Arithmetics carried out by
LMs can be traced verbatim to their training data.

Figure 3.5: Example use cases of OLMOTRACE. In (a) and (c), one span has been selected to inspect its
enclosing documents; the selected span is colored with solid green while other span highlights are hidden.
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3.4 Case Studies

We envision that researchers and the general public can use OLMOTRACE in many ways to understand

the behavior of LMs. Below we discuss three example use cases, and we invite the community to explore

additional ones.

Fact checking. If the LM states a fact, users may be able to fact-check the statement against its training

data. In Figure 3.5(a), OLMo outputs “The space needle was built for the 1962 World Fair,”. OLMOTRACE

highlights this span of tokens as it appears verbatim in the training data and shows the corresponding doc-

uments (the screenshot captured one of the ten documents). For most documents from the pretraining data

(like this one), users can click on the “View Document” button and find the URL to the original webpage

where this document was crawled.

We note that inspecting the document context and source can help users make a more informed judgment

on the factuality of the statement, as words can be misleading out of context, and some web sources may be

unreliable.

Tracing “creative” expressions. While LMs can be creative in piecing expressions together in new ways,

seemingly novel expressions may not be truly new, as LMs may have learned them during training. In such

cases, OLMOTRACE reveals the potential source of LM-generated expressions. In Figure 3.5(c), OLMo

outputs a story in the Tolkien style, and OLMOTRACE highlights verbatim matches with the training data,

e.g., “I’m going on an adventure” matches with the shown document, which is a fan fiction about the

Hobbits.

Tracing math capabilities. OLMOTRACE helps understanding how LMs learned to carry out arithmetic

operations and solve math problems. In Figure 3.5(d), OLMo correctly answers Problem 4 from the AIME

2024 I exam (a combinatorics problem). OLMOTRACE shows that the calculation step, “\binom{10}{4} =

\frac{10!}{4!(10-4)!} = 210” appears verbatim in the post-training dataset.
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3.5 Related Work

Comparison with RAG. Retrieval-augmented generation (RAG) systems retrieve relevant documents

from a database and condition the LM generation on the retrieved documents. Examples of them include

Bing Chat, Google AI Overview, and Perplexity AI. Despite looking similar, OLMOTRACE is fundamen-

tally different from RAG: OLMOTRACE retrieves documents post-hoc and does not intervene with the LM

generation. The purpose of retrieval in OLMOTRACE is to show the connection between an LM’s output

and its training data, not to improve the generation itself.

Comparison with search engines. Traditional search engines (e.g., Google) retrieve documents from

their web index. OLMOTRACE retrieves matches in an LM’s training data, which is more suitable to use

for understanding the data origin of LM behaviors.

Tracing LM generation into training data. One classical approach to trace LM generation is using

influence functions [Koh and Liang, 2017; Han et al., 2020; Han and Tsvetkov, 2022], which leverage

gradient information to find influential training examples for a given test example. While effective on a small

scale, influence functions are intractable for trillion-token training data due to their high computational cost.

Our work takes a different approach: we directly retrieve similar training examples by lexical overlap, with

the heuristic that such training examples are likely to be influential for the given output.

Other types of tracing. Khalifa et al. [2024] train LMs to cite documents from the pretraining data, which

is an intervention on the training process of LMs. Some work traces LM behavior into sources other than

the training data. Huang et al. [2024a] extend RAG to have LMs cite retrieved documents provided in-

context, whereas Chuang et al. [2025] train LMs to cite content from the long context provided to the LM

at inference time. Gao et al. [2022] retrieve supporting evidence for LM generations from Google Search;

the Gemini App has a “double-check response” feature that highlights parts of the LM response and shows

similar results from Google Search, which is updated in real time and thus not identical to Gemini’s training

data, making it less useful for scientific exploration.
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Chapter 4

More Efficient Search for Internet-scale

Text Corpora

Project Home infini-gram-mini.io

Web Interface infini-gram-mini.io/demo

API Endpoint api.infini-gram-mini.io

Documentation infini-gram-mini.io/docs

Source Code infini-gram-mini.io/code

Contam Bulletin infini-gram-mini.io/bulletin

Paper arxiv.org/abs/2506.12229

Modern language models (LMs) are trained mainly on text datasets downsampled from massive, petabyte-

level text corpora like Common Crawl [Common Crawl Foundation, 2025]. As these LMs are deployed

more broadly, it becomes more pressing to understand the training data and its effects on model behavior

[Liu et al., 2025; Han and Tsvetkov, 2022]. As a starting point, we want to make these text corpora search-

able; in particular, searching for exact matches of long sequences has gained increasing interest [Elazar

et al., 2024; Merrill et al., 2024; Lu et al., 2024]. The size of these corpora makes this problem extremely

challenging, creating demand for more efficient indexing techniques.

Prior systems for exact-match search build indexes several times as large as the text corpora. Merrill et al.

[2024] index 1.3TB of text with a suffix automaton (storage multiplier 29×); Liu et al. [2024a] index 12TB

of text with a suffix array (storage multiplier 6×); Elazar et al. [2024] index 35TB of text with the proprietary

ElasticSearch engine (storage multiplier about 2×). The size of these indexes renders it impractical to apply

59

https://infini-gram-mini.io/
https://infini-gram-mini.io/demo
https://api.infini-gram-mini.io/
https://infini-gram-mini.io/docs
https://infini-gram-mini.io/code
https://infini-gram-mini.io/bulletin
https://arxiv.org/abs/2506.12229


Figure 4.1: Overview of INFINI-GRAM MINI. Based on the FM-index data structure, INFINI-GRAM MINI

supports efficient exact-match search in massive text corpora (n ≃ 1015 bytes) while reducing the index
size down to 7% compared to a canonical suffix array index. Searching naively in the corpus would have
time complexity of O(n) and is thus impractical; with INFINI-GRAM MINI, the search time complexity is
independent of n. |Q| is the length of query string and can be arbitrarily long, and H0 ≈ 2.1 is the zeroth-
order entropy of the text corpus.

them to petabyte-level corpora.

To address this challenge, we index text corpora with FM-index [Ferragina and Manzini, 2000], a

compact data structure frequently used in bioinformatics [Guo, 2025; Depuydt et al., 2023; Wang et al.,

2018; Li, 2014], but not yet used for natural language data at scale. Prior work only applies this data

structure to 13.4 GB dataset [Bevilacqua et al., 2022]. We explain FM-index in detail in §4.1. For natural

text, the size of FM-index can be made as small as 0.26× of the corpus; practically, to ensure low query

latency, we build FM-index with a storage multiplier of 0.44×, or 7% compared to the canonical suffix array.

INFINI-GRAM MINI is the system we developed for efficiently constructing the FM-index at scale and

answering search queries. For indexing, we extend and combine components from Liu et al. [2024a], Gog

et al. [2014], and Labeit et al. [2017] into a highly parallelized program, which achieves a 18× speedup

and uses only 32% as much RAM compared to the best existing implementation by SDSL [Gog et al.,
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2014].1 We use INFINI-GRAM MINI to construct FM-index for two LM pretraining datasets – the Pile and

DCLM-baseline – and 7 recent Common Crawl dumps from January to July 2025. Altogether, we indexed

83TB of text in 99 days with a single CPU node with 128 vCPUs, and this could have been done in 19

hours if embarrassingly parallelized across 137 such nodes. We estimate that indexing the full Common

Crawl would take 1,200 node-days, or 19 hours if parallelized across 1,500 nodes. For answering queries,

we extend SDSL to work with on-disk index, reducing the RAM requirement to a negligible amount. Our

inference engine supports counting the occurrences of a query string and retrieving documents that contain

the query string, both within seconds when working on the above corpora.

We apply INFINI-GRAM MINI to analyzing contamination of benchmarks widely used in state-of-art

LM evaluations (§4.3). INFINI-GRAM MINI allows us to do the analysis on larger corpora than prior works

and on new benchmarks uploaded. This would be much more expensive if using other indexing methods. We

find several core benchmarks to be heavily contaminated (§4.3.2). INFINI-GRAM MINI detects exact overlap

for question of contaminated entries in text corpora, among which a large majority of questions appear

together with the correct answer. This reveals a dire evaluation crisis: as benchmarks get increasingly

contaminated by Internet crawls and consequently LM training data, evaluation results may give inflated

estimates of true model capabilities. As such, we host a benchmark contamination bulletin to continually

monitor contamination of core and community-contributed benchmarks on new Internet snapshots, and we

call for more community attention on this matter.

Beyond contamination analysis, INFINI-GRAM MINI opens up more impactful use cases such as task-

specific dataset construction and pretraining data curation. We release a web interface and API endpoint

of INFINI-GRAM MINI, so that everyone can search in the text corpora that we have indexed. We plan to

continue indexing new corpora and share regular updates. We also release our source code. We hope this

tool can enable more insightful analysis and better use of massive text corpora.

4.1 Background: FM-index

The FM-index [Ferragina and Manzini, 2000] is a full-text index that supports efficient pattern matching,

counting, and text retrieval on a highly compressed representation of the text corpus. Compared with a

1https://github.com/simongog/sdsl-lite
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Figure 4.2: The FM-index data structure (§4.1.1) used in INFINI-GRAM MINI, shown for a toy string with
length n = 7. The suffix array is sampled with a sampling rate a = 3 and only elements corresponding to
bolded suffixes are stored. The BWT can be derived from the SA, and is stored in compressed form as a
Huffman-shaped wavelet tree.

canonical suffix array, FM-index stores a compact variation of a suffix array and the text corpus, greatly

reducing storage overhead.

4.1.1 Data Structures and Implementation

On a high level, FM-index has two core components: (1) a sampled suffix array and its inverse, and (2)

the Burrows-Wheeler transform represented using a Huffman-shaped wavelet tree. Below we describe each

component as applied to a single string (appropriate for our application; see §4.2). Figure 4.2 shows a toy

example illustrating the data structure.

Suffix array and sampling. The suffix array SA of a string T of length n is an array of integers repre-

senting the starting positions of all suffixes of T in lexicographic order. Formally, SA[i] = j if the suffix

T [j...n] ranks ith among all suffixes in lexicographical ordering. The suffix array enables quickly locating

the positions where a pattern appears in the string. Canonically, storing the whole suffix array would take

O(n log n) space, or 5n bytes for strings with length up to one trillion [Liu et al., 2024a]. To reduce storage

overhead, FM-index samples SA at regular intervals, storing only every ath entry where a is a parame-

ter. When querying the index, if we need to access an unsampled SA entry, we can recover its value by

referencing the BWT data structure, which is introduced below.
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Burrows-Wheeler transform (BWT). BWT [Burrows et al., 1994] rearranges the string T (with termi-

nation symbol $) into a reversible permutation L that clusters repeated symbols. The BWT is defined as a

string L where L[i] = T [SA[i]− 1] if SA[i] > 0, or L[i] = $ otherwise. Intuitively, L is the concatenation

of the symbol preceding each suffix when the suffixes are sorted in the SA order (see Figure 4.2).

A key property of BWT is the Last-to-First (LF) mapping, which maps the ith occurrence of a symbol

c in L to the ith occurrence of it in F , where F [i] = T [SA[i ]]. The LF mapping is defined as LF (i) =

C[c] + rank(c, i), where C[c] is the number of symbols in L lexicographically smaller than c, and rank(c, i)

counts the occurrences of c in L[0...i]. This property allows us to traverse the string in reverse order, which

is essential for finding patterns in and reconstructing (part of) the string T from the index.

Huffman-shaped wavelet trees. Given the BWT L and the sampled SA, we can reconstruct the original

string T from these data structures so we don’t need to store T . However, L still takes as much storage as

T . To further compress L, a wavelet tree is used to represent L by hierarchically partitioning the alphabet.

In the wavelet tree, each leaf node represents a symbol in the alphabet, and each non-leaf node stores a

bitvector marking whether the symbol at each position of L belongs to the left or right subtree. A Huffman-

shaped wavelet tree [Mäkinen and Navarro, 2005] optimizes the hierarchy by grouping and coding symbols

based on their frequencies in L. Storing it costs (nH0 + 2σ logn) bits, where σ is the alphabet size, and

H0 is the zeroth-order entropy2 of L and H0 ≈ 0.26 log2 σ in our experiments with natural language text;

this is smaller than storing L directly, which is n log2 σ bits. Besides compression, the tree can efficiently

support two operations crucial to LF mapping: rank(c, ℓ) counts the number of occurrences of a character c

in L[0...ℓ − 1], and select(c,m) finds the position of the mth occurrence of c in L. Both operations have a

time complexity of O(H0).

Inverse suffix array. To allow reconstructing part of the original string T from any given position, FM-

index also stores a sampled version of the inverse suffix array ISA. ISA is the inverse of the permutation

specified in SA and is defined as ISA[j] = i if SA[i] = j. When reconstructing T from a given position,

ISA is used to identify the corresponding rank in the suffix array to start reconstruction. In FM-index, we

can use a different sampling rate for ISA, storing only every bth entry, where b can be larger than a as ISA

2zeroth-order entropy measures the unigram probability distribution of individual symbols (i.e. UTF-8 characters).
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is used less.

4.1.2 Querying the FM-index

There are three basic operations supported by FM-index: find, locate, and reconstruct. Counting a pattern

can be done with a find operation, and retrieving segments containing the pattern from the original string

can be done with a combination of all three operations. See App. §C.1 for more details.

4.2 INFINI-GRAM MINI

We develop INFINI-GRAM MINI as a scalable and efficient implementation of FM-index on natural language

data. For indexing, INFINI-GRAM MINI achieves 18× speedup and reduces RAM usage by 3.2× compared

to the previous best existing implementation in SDSL. This paves way for indexing petabyte-level text

corpora with reasonable time and compute. For querying, we extended the implementation in SDSL to

work with indexes stored on disk, allowing us to query large indexes on machines with limited RAM.

In contrast to the original infini-gram which tokenizes the text, we construct the index directly on raw

UTF-8 bytes, which saves tokenization time and allows more flexibility when querying. Tokenization is a

technique to reduce index size, but since FM-index is already a compressed index, tokenization would not

be helpful here.

4.2.1 Index Construction

Optimizing the indexing steps. We use a parallelized implementation of each indexing step. For building

SA and BWT, we adapt from the parallel implementation in Liu et al. [2024a]. For building the wavelet tree,

we use the parallel implementation in Labeit et al. [2017]. For sampling SA and creating a sampled version

of ISA, we parallelized the implementation in SDSL. All these steps were single-threaded in SDSL, and by

parallelizing them we achieve significant speedup.

We measured the time and peak RAM usage for indexing an 8.7 GB corpus (a single file from DCLM-

baseline) using implementation of SDSL and INFINI-GRAM MINI. Their implementation required 5,847

seconds and 74,807 MB of peak RAM, whereas INFINI-GRAM MINI completed indexing in 324 seconds

(18× speedup) and peak RAM of 23,742 MB (3.2× reduction).
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Dataset Original Size Indexing Time Index Size Num. Shards
(TB) (CPU node-days) (TB)

Pile-validation 0.0001345 0.00057 0.000602 (0.45×) 1
Pile-train 1.308 1.31 0.588 (0.45×) 2
DCLM-baseline 16.666 12.6 7.523 (0.45×) 25
CC-2025-05 9.079 11.8 3.972 (0.44×) 15
CC-2025-08 8.163 10.6 3.574 (0.44×) 15
CC-2025-13 10.393 13.6 4.563 (0.44×) 17
CC-2025-18 10.498 13.7 4.664 (0.44×) 17
CC-2025-21 9.221 12.1 4.302 (0.46×) 15
CC-2025-26 8.724 11.4 3.835 (0.44×) 15
CC-2025-30 9.006 11.7 3.952 (0.44×) 15

Total 83.059 98.8 36.884 (0.44×) 137

Table 4.1: Text corpora we indexed with INFINI-GRAM MINI, along with indexing time and index size. The
reported numbers only include actual document content and do not include metadata.

Preprocessing. FM-index is designed to work on a single string. To index a text corpora, which consists of

a collection of documents, we encode all documents with UTF-8 and concatenate all these byte arrays with

the \xff byte (not used by UTF-8) to mark document boundaries. We then construct FM-index for this

big byte string. We work on UTF-8 bytes rather than characters to keep the alphabet size small (σ = 256).

Along with this text index, we also store a text offset file that records the starting position of each document,

which is useful for retrieving whole document and metadata. Aside from the actual text, we also index the

metadata of the documents to make the metadata searchable while storing it in a similar compressed form.

Partitioning. For large corpora, we partition it into multiple shards and index each shard independently.

Searching across multiple shards produces the same result as searching a single, larger index, and this allows

us to build indexes with limited RAM per node as well as embarrassingly parallelize across multiple nodes.

Indexed corpora. We have built the index for the following corpora: the Pile (1.3TB training set, 1.4GB

validation set; Gao et al., 2020a), DCLM-baseline (17TB; Li et al., 2024), and the Common Crawl be-

tween January and July 2025 ( “CC-2025-05” to “CC-2025-30” ; 7 crawls and 65TB total; Common Crawl

Foundation, 2025).3

3We extract text from the CC crawls with resiliparse, following Li et al. [2024].

65



Indexing time. We use CPU nodes with 128 vCPUs and 2TiB RAM to construct indexes, and under this

constraint, each shard can be as large as 700GB which can be indexed in 12–19 hours. Table 4.1 reports the

time for indexing the above corpora. Indexing time shows a slightly super-linear increase with respect to

shard size, and we report detailed stepwise breakdown in App. §C.2. If we were to index the full Common

Crawl dataset (about 1PB), we would split it into 1,500 shards, which can be indexed in 1,200 node-days.

Index size. We choose the sampling rate empirically to balance storage savings and query latency. In our

implementation, we sample every a = 32 entries of SA and every b = 64 entries of ISA. This yields indexes

with 0.44× the size of the corpora (Table 4.1). Conceptually, if we set a and b to be very big, then the SA

and ISA would have negligible size, and the index can be as small as 0.26× the size of the corpus.

4.2.2 Querying with INFINI-GRAM MINI

Similar to other exact-match search engines, INFINI-GRAM MINI supports two types of query: counting the

number of occurrences of a string, and retrieving documents that contain a string. At query time, INFINI-

GRAM MINI keeps all index files on disk as memory-mapped files, thus requiring only minimal CPU and

RAM (loading all indexes uses only ∼ 30 MB if RAM and 1 vCPU in our setting).

Querying in INFINI-GRAM MINI is slower and more complex than in canonical suffix arrays due to the

compressive nature of FM-index. The SA is subsampled, and the original text is shuffled and compressed,

both requiring additional random disk reads to recover. The latency of queries is largely determined by the

disk I/O performance.

Counting a string. We use FM-index’s find operation to count the number of occurrences of a query

string. We parallelize this operation across all k shards, and report the sum of counts across all shards. The

total number of random disk reads is O(k|Q|H0), where |Q| is the length of the query string. If the disk’s

I/O throughput is high enough, the query latency can be as low as O(|Q|H0).

Retrieving documents. We first use the find operation to get the range in the SA that corresponds to the

query string. Each element in this range indicates one appearance of the query string in the text corpus. If

the index has multiple shards, we will have one range for each shard. For each element in this range, we can
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use the locate operation to find the position of the match in the original text T , then get the boundaries of

the enclosing document with a binary search in the text offset file, and finally use the reconstruct operation

to get the document text. The number of random disk reads for locate is O(aH0), and for reconstruct is

O((b+ d)H0) where d is the document length. We parallelize reconstruct operation by dividing document

text into up to t = 10 chunks, or chunks of length 100 if d < 1000. Retrieving a single document is

parallelized across t threads, and it can be further parallelized for retrieving multiple documents.

Query latency. INFINI-GRAM MINI presents second-level latency on both types of query. We benchmark

the query latency with the index files stored on Google Cloud Platform (GCP) SSD disks with 80,000

IOPS and 1200 MB/s throughput. We measure the average latency over 100 queries for each query type

and setting. For counting, short queries (|Q| ≤ 10) can be handled within 0.4 seconds for all corpora we

indexed, while longer queries (|Q| = 1000) are handled in 8 seconds for CC-2025-05 and 25 seconds for

DCLM-baseline. The difference in query latency is caused by the different number of shards in the corpora.

For document retrieval, retrieving a snippet of d = 100 bytes can be done within 2 seconds for all corpora,

and retrieving d = 3000 bytes takes up to 4.5 seconds. See App. §C.3 for benchmarking details.

4.2.3 Web Interface and API Endpoint

We host a Hugging Face interface for easy access to counting and document retrieval with 83 TB corpora

(App. §C.5). We also release an API endpoint that allows programmatically submitting requests.

4.3 Analyzing and Monitoring Benchmark Contamination with INFINI-GRAM

MINI

In this section, we showcase how INFINI-GRAM MINI can be used to analyze benchmark contamination at

scale. INFINI-GRAM MINI allows us to search in the largest body of text ever in the open-source community

with minimal storage overhead, enabling large-scale benchmark contamination analysis at low cost. Our

work also supports analyzing new benchmarks uploaded later.

By identifying lexical overlap between 24 widely-used evaluation benchmarks and three major corpora,

we find non-trivial contamination across 12 benchmarks (§4.3.2). We then retrieve documents accounting
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for contamination for further analysis (§4.3.3). Powered by INFINI-GRAM MINI, we develop a monitoring

system with a benchmark contamination bulletin, where we continuously monitor new crawls and report

benchmarks’ contamination status over time (§4.3.4). We also invite the community to contribute by sug-

gesting additional benchmarks or uploading new ones for analysis.

INFINI-GRAM MINI has further potential applications where exact-match search is needed, including

(1) task-specific dataset construction, where creation of those datasets requires retrieving documents con-

taining specific terms or phrases, and (2) data curation, where INFINI-GRAM MINI can assist in identifying

and removing duplicate, low-quality, or sensitive text and documents. We leave these directions for future

exploration.

4.3.1 Setup

Contamination detection method. We check contamination of test examples by measuring lexical over-

lap with the text corpus, following standard practice in the literature [Brown et al., 2020; Llama Team,

2024]. Given a text entry, we extract all 50-character substrings S with a stride of one word, and determine

entry contamination based on the proportion of substrings that appear at least once in the corpus:

η =

∑
s∈S I

[
count(s) > 0

]
|S|

.

We classify an entry into three contamination levels using the same thresholds with different namings as

Touvron et al. [2023c]:

• Clean, if η < 20%

• Suspicious, if 20% ≤ η < 80%

• Dirty, if η ≥ 80%

Benchmarks. To comprehensively evaluate contamination, we analyze a broad range of benchmarks

widely used to evaluate state-of-the-art LMs. We categorize benchmarks into five groups based on their

primary focus: (1) knowledge and reasoning, i.e., understanding and reasoning over factual and conceptual

knowledge; (2) math, i.e., mathematical reasoning ability; (3) code generation and modification abilities;

(4) commonsense understanding, i.e., commonsense knowledge and reasoning abilities; and (5) reading
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comprehension of textual context. In total, we analyze 24 benchmarks; see App. §C.6 for the full list and

citations.

For benchmarks with question-answering format, we specifically check the question entries for con-

tamination. Questions are usually longer and contain sufficient contextual information to uniquely identify

the benchmark example, whereas answers can be short, such as a multiple choice option or a number. For

language understanding tasks that involve reading a context or paragraph before answering, we check the

context entries for contamination.

We evaluate on only the test set of benchmarks. For benchmarks with large test set, we downsample to

1,000 entries for efficiency. For benchmarks with multiple subtasks, we sample proportionally from each

subtask to maintain representative distribution.

4.3.2 Results

Table 4.2 reports the percentage of dirty entries in benchmarks against the Pile (knowledge cutoff in 2020),

DCLM-baseline (knowledge cutoff in 2022), and seven CC crawls (knowledge cutoff in January-July 2025).

The detailed count of dirty and suspicious entries can be found in App. §C.7.

Many widely-used benchmarks are highly contaminated. When checking against DCLM-baseline,

MMLU has 27.70% dirty entries, MMLU-Pro has 16.20%, ARC-Challenge has 32.6%, and ARC-Easy

has 32.3%. These benchmarks, especially MMLU, have been used to evaluate virtually every new LM in re-

cent years. We believe that the observed contamination levels are a strong signal that many recently reported

results may overestimate language model abilities on truly new, unseen evaluation items.

Larger and newer corpora show greater contamination. Compared with Pile-train, most benchmarks

show a higher dirty rate on DCLM-baseline. For example, ARC-Challenge has 17× more and MMLU has

1.1× more dirty entries. However, CC-2025-05 has lower contamination rate than DCLM-baseline on most

benchmarks, which is likely because DCLM-baseline corpus is larger and is a high-quality subset of crawls

spanning a decade, while CC-2025-05 is an unfiltered single crawl.
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Figure 4.3: Examples of four contamination types. Violet text is the text overlap between benchmark entry
and corpus. Magenta text is the mapping of answers.

Contamination level varies by domain. Benchmarks in historically-significant domains, such as com-

monsense understanding (e.g., ARC, OpenbookQA) and reading comprehension (e.g., SQuAD, CoQA),

tend to show higher dirty rates on all corpora, while those in emerging domains like math (e.g., GSM8K,

MATH-500) and code (e.g., HumanEval, LiveCodeBench) remain relatively clean at this writing.

New benchmarks are gradually getting contaminated in recent corpora. Newer benchmarks are ini-

tially clean on earlier corpora. For example, AIME-2024 is uncontaminated on Pile-train and DCLM-

baseline, but show 40.00% dirty rate on the more recent CC-2025-21; similarly, GPQA shows 2.70% dirty

rate on CC-2025-26. GSM8K is very clean on Pile-train, DCLM-baseline, and earlier CC-2025 crawls, but

has 74.2% dirty entries on CC-2025-21.
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Test Pile DCLM CC CC CC CC CC CC
Size train baseline 2025-05 2025-08 2025-13 2025-18 2025-21 2025-26

Knowledge and Reasoning
MMLU 1000 13.20 28.40 13.50 9.00 12.10 11.50 11.70 9.20
MMLU-Pro 1000 5.50 16.20 7.10 5.40 6.00 6.30 7.40 6.90
BigBenchHard 1000 0.00 0.10 1.40 1.40 3.20 2.30 1.80 1.70
AGIEval 1000 0.80 3.10 2.70 3.60 3.00 7.00 9.40 4.60
GPQA 448 0.00 0.00 0.90 2.00 1.30 0.70 0.90 2.70
HLE 881 0.00 0.30 0.10 0.00 0.10 0.00 0.00 0.00

Math
AIME-2024 30 0.00 0.00 10.00 3.30 6.70 40.00 40.00 13.30
GSM8K 1000 0.00 5.00 5.00 0.80 6.90 0.70 74.20 7.30
MATH-500 500 0.60 3.20 0.60 7.80 0.80 0.80 0.80 8.20
MGSM 250 0.00 0.00 5.60 1.60 35.60 0.80 72.80 6.00

Code
HumanEval 164 0.00 0.00 0.00 0.60 0.60 0.60 0.00 0.00
HumanEval+ 164 0.00 0.00 0.00 0.60 0.60 0.60 0.00 0.00
LiveCodeBench 880 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SWE-bench 500 0.00 0.00 0.20 0.20 0.00 0.00 0.00 0.00
MBPP 500 0.00 0.40 1.00 1.40 1.20 1.80 1.00 1.40

Commonsense Understanding
ARC-Challenge 1000 1.80 34.10 11.90 4.00 3.10 3.80 4.20 4.80
ARC-Easy 1000 1.30 31.70 5.40 9.50 5.50 5.50 6.10 6.20
CSQA 1000 0.10 1.00 0.10 0.10 0.20 0.10 0.00 0.10
HellaSwag 1000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10
OpenbookQA 500 10.80 15.60 14.60 30.20 13.20 13.40 13.20 12.20
Social IQa 1000 0.00 0.50 0.20 4.40 0.20 0.30 0.20 0.10
WinoGrande 1000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Reading Comprehension
CoQA 500 8.00 18.40 7.40 8.80 8.60 7.20 7.60 8.80
SQuAD 1000 2.80 40.10 2.70 33.00 10.10 1.50 2.00 8.50

Table 4.2: Dirty rates for benchmarks across the Pile, DCLM-baseline, and Common Crawl from January
to July, 2025. Full result is reported in Table C.5. For benchmark entries with over 1000 entries, we report
dirty rate on the downsampled subset. Cell background color indicates benchmark cleaniness, with more
redness representing increasing levels of contamination.

4.3.3 Analysis

With INFINI-GRAM MINI, we can retrieve documents from the corpus that contain contaminated examples

for further analysis. We use LLM-as-a-judge to categorize all dirty instances in Pile-train, DCLM-baseline,

and CC-2025-05 into following scenarios (see App. §C.9 for more details), with examples shown in Table

4.3:
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• Type 1: Question and answer appear as-is in corpus. The question and correct answer appear in the

corpus in the exact format as in benchmark entry. The model may memorize entirely from these data

instead of performing capabilities examined in benchmarks. This accounts for 72.5% of all dirty entries

in Pile-train, 82.6% on DCLM-baseline, and 58% on CC-2025-05.

• Type 2: Question appeared, answer in natural language. The answer is expressed in natural language

rather than the exact benchmark format, and model may directly infer the correct answer from it. This

accounts for 4.5% of all dirty entries in Pile-train, 2.1% on DCLM-baseline, and 6.2% on CC-2025-05.

• Type 3: Question appeared, no corresponding answer. The question (and maybe the multiple-choice

options) appeared in the corpus, but correct answer is missing. This accounts for 18.1% of all dirty entries

in Pile-train, 10.9% on DCLM-baseline, and 30.2% on CC-2025-05.

• Type 4: False positives. There are documents that superficially match the question but are unrelated to

the benchmark example. This happens on entries with a very short question. This accounts for 3.1% of

all dirty entries in Pile-train, 1% on DCLM-baseline, and 3% on CC-2025-05.

We show 7 contamination examples in App. §C.8 and their source of contamination. We found that

contamination is caused by (1) the benchmark is sourced from the Internet (e.g., AIME-2024, Figure C.3;

SWE-bench, Figure C.5), (2) there are other benchmarks or online quizzes that are sourced from the bench-

mark (e.g, GSM8K, Figure C.7), (3) blogs and papers cite a benchmark entry as example (e.g, GPQA,

Figure C.6; BigBenchHard, Figure C.8; OpenbookQA, Figure C.9), and (4) benchmark entry coincide with

online source (e.g., MMLU, Figure C.4).

Contamination could cause LLM to overperform on evaluation benchmarks by enabling models to re-

trieve memorized answers from training data rather than performing task-specific reasoning. Our finding

shows that a large majority of dirty entries contain exact matches of both question and answer, though

even subtler forms of contamination such as question-only matches and paraphrased answers could in-

flate benchmark scores. As training corpora grow, the risk of benchmark contamination and the potential

for rote memorization increase, making it more important to decontaminate training corpora and construct

contamination-free benchmarks to avoid overestimating model capabilities.
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4.3.4 Benchmark Contamination Bulletin

Using INFINI-GRAM MINI, we implement a benchmark contamination monitoring system that tracks bench-

mark contamination. In the future, we will keep indexing the latest crawl in Common Crawl and update

contamination results to track benchmark contamination as corpora evolve. The system also allows anyone

to add or upload new benchmarks to be monitored, fostering collaboration in benchmark monitoring. See

App. §C.10 for system interface.

4.4 Related Work

Exact-match search in large text corpora. Prior work has used different techniques to enable exact-

match full-text search in large text corpora, including suffix arrays, suffix automata, and proprietary search

engines. Below we survey the largest-scale implementation of each technique known to us. Merrill et al.

[2024] apply a suffix automaton to 1.3TB of text. Liu et al. [2024a] apply a suffix array to 12TB of text.

Elazar et al. [2024] use the proprietary ElasticSearch to index and analyze 35TB of text. All these methods

have significant storage multiplier wrt the size of text indexed, ranging from ElasticSearch’s 2× to suffix

automata’s 29×. In contrast, our FM-index-based index has a storage multiplier as small as 0.26×, allowing

us to index the largest body of text ever in the open-source community.

Benchmark contamination. Benchmark contamination appeared as a critical concern in LLM evalua-

tions in recent studies. Prior works has quantified benchmark contamination on open-sourced models using

various matching strategies, including n-gram or token overlap [Soldaini et al., 2024; Llama Team, 2024;

Soldaini et al., 2024; OLMo et al., 2025], longest substring match [Singh et al., 2024], skipgram match

[Touvron et al., 2023c], and full-text exact match [Elazar et al., 2024]. Sainz et al. [2024] reports data con-

tamination from multiple sources through shared efforts. However, indexing large-scale pretraining corpora

and performing exhaustive searches is computationally expensive, and prior studies on open corpora are

limited in their scale (up to RedPajama-1T and Dolma, 12TB). To the best of our knowledge, our work

conducts contamination analysis on the largest open corpora to date.
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4.5 Summary

We introduce INFINI-GRAM MINI, an efficient system for indexing text with 0.44× their original size, en-

abling efficient counting and searching in massive text corpus, and we show its scalability to a petabyte-scale

corpus. We showcase INFINI-GRAM MINI’s application on benchmark contamination analysis at scale.
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Chapter 5

Conclusion

In this thesis, I discussed my series of work on developing tools for understanding the massive LLM train-

ing datasets and how they connect with LLM behaviors. Infini-gram and infini-gram mini are exact-match

text search engines with different storage-compute tradeoffs; infini-gram is slated for pretraining-scale data,

whereas infini-gram mini targets even larger, Internet-scale data. OLMoTrace reveals the verbatim connec-

tion between text generated by LLMs and their full training data. Together, these tools lay the foundation

for anyone to inspect what data has the LLMs been trained on, as well as to understand, debug, and improve

LLM behaviors from a data perspective.

5.1 Future Directions

Supporting fuzzy search / regex search. Infini-gram and infini-gram mini are restricted to exact-match

search. In practical use cases, we often want more flexibility. Fuzzy matching would allow matches with

added/deleted/replaced characters or tokens within a certain edit distance. Regular expression (regex) is a

powerful language describing patterns to match. Supporting these would greatly expand the usability of

these search engine systems.

Combining n-gram and neural LMs in a better way. In the infini-gram work (§2), I combined the

massive ∞-gram LM with neural LMs to improve their language modeling perplexity. But I found this

“late-fusion style” hybrid model terrible at autoregressive generation. In many cases, the decoding suddenly
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goes off the rail into regurgitating from the training data, which can often be topically incoherent to the

context. I suspected this is because the ∞-gram LM is accurate but over-confident: its predictions of the

next-token distribution is usually very sparse (in many cases, one-hot), and even with interpolation, the

distribution is undesirably spiky. Therefore, I believe a better way to combine them is via an “early-fusion

style”: injecting the ∞-gram LM’s prediction as a “hint” to the neural LM. The intuition is, n-gram LMs

encode lots of long-tail knowledge, and hinting neural LLMs with its predictions can free the neural LLMs

from having cramming all the knowledge into its parameters, which they can spare to better learn other

capabilities.

Establish fine-grained task scaling laws for LLMs. The canonical scaling law [Hoffmann et al., 2022]

describes how the language modeling loss scales with the amount of training compute. My published work

[Bhagia et al., 2024] empirically describes the scaling of task accuracy across 8 LLM evaluation bench-

marks, and successfully predicted the performance (within ±2% error) of LLMs up to 13B while spending

less than 1% of the pre-training compute. However, these scaling laws fail to account for the actual compo-

sition and quality of the data distribution: smaller but more targeted training data could yield models with

higher task performance than bigger but generic data. I hypothesize that LLMs’ task performance can be

better characterized and predicted by the density of examples in the data distribution that are relevant to

the tested skills. Establishing such fine-grained scaling laws would immensely further our understanding of

the source of LLMs’ capabilities, and provide us guidance for optimizing the training data as we run into a

ceiling in data scale.

5.2 Concluding Thoughts

If you are patient enough to have made it so far, I would like to share a bit of backstory about my PhD

journey. It’s been a bumpy ride, with all the revolutions and hypes happening in the AI industry. I entered

the field as a junior researcher in NLP, but the advent of GPT-3 and ChatGPT completely changed the land-

scapes. I started my PhD working on mathematical reasoning [Welleck et al., 2021, 2022] and commonsense

reasoning [Liu et al., 2021, 2022, 2023b,c], and then I did something related to RL and decoding [Liu et al.,

2023b,a; Ivison et al., 2024]. In the middle of my third year, I went all-in to looking at pretraining data,
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hence infini-gram, OLMoTrace, and infini-gram mini. Concurrently, I also worked on LLM pretraining

[OLMo et al., 2025], figuring out scaling laws for pretrained LLMs [Bhagia et al., 2024], and deduplicating

the pretraining data. Then, at the end of my PhD program, I got interested in using LLMs for molecule

synthesis and drug discovery. There were a lot of shifts and pivots in my research topics, primarily driven

by my personal interests and secondarily by the current impact factor of the problems.

Broadly chatting with other colleagues and friends can bring nice surprises. Infini-gram would not have

existed if not for a random afternoon chat between Sewon and me. Prior to that conversation, I had built

suffix arrays for some corpus in aid of my investigation into an inverse scaling phenomenon with LLMs

[McKenzie et al., 2023], but that investigation didn’t turn into a publication, and my suffix arrays just sat on

my servers for a few months. Then when Sewon and I were chatting, we decided, “let’s use this to build the

biggest n-gram LM ever and see what happens!” And the rest of the story unfolded.

Finally, I want to say that in this era of large AI models and datasets, engineering work is highly valued

and necessary to unlock high-impact research. To some extent, scaling up the system itself can be the

research contribution. One lesson I learned from doing is that, whenever we scale things up a magnitude,

some unexpected bottleneck will emerge:

• In infini-gram, since suffix array indexes for trillions of tokens are too large to fit in RAM, I had to

implement on-disk inference and optimize for it. Traditional spinning HDDs are too slow, but standard

SSDs are good enough.

• But the indexing process still requires part of the index to stay in RAM, so for indexing I allocate

machines with reasonably large RAM but also apply sharing to the indexes.

• Now the disk I/O throughput becomes the bottleneck, so I consolidated some scripts to minimize the

unnecessary back-and-forth readings and writings. Also, separating reading and writing into different

EBS volumes is faster than simultaneously reading from and writing to the same volume.

• As I ramped up parallelism, I hit an unexpected limit – the maximum number of open file handlers

in a Linux process. We can easily raise it to somewhere near 1 million, but further raising it requires

deeper system-wide configurations.

• As infini-gram gets more API traffic, the inference server fails frequently. Turns out the devil was
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page tables. On-disk inference isn’t free lunch. The kernel needs to materialize page table entries for

memory-mapped areas of the index that is accessed, and the page table fills the RAM. Eventually I

allocated an inference server with bigger RAM, which stabilized the API service.

• As more datasets are indexed and served by infini-gram, it reached a point where the virtual memory

address was exhausted. Although modern systems have 64-bit addresses, the Linux kernel limits

the user-space virtual address to 47 bits, which translates into 128 TiB. To work around this limit,

I implemented a version where we replace MMAP() with PREAD(), which doesn’t consume virtual

memory but comes with a slight performance hit.

• Finally, when doing inference in OLMoTrace, I hit yet another bottleneck – the maximum number of

threads spawned by a Linux process. As a result, I had to process LLM outputs in chunks instead of

a fully parallelized manner.

These are all realistic problems when we scale up, requiring us to work within the system constraints and

find a good balance between time, space, and money.

The projects I discussed in this thesis can be viewed as building foundational tools for navigating the

massive-scale LLM training data. It so happens that infini-gram got mentioned in the 2024 edition of Juraf-

sky & Martin’s NLP textbook as a modernization of n-gram models [Jurafsky and Martin, 2025], OLMo-

Trace received the Best Demo Award at ACL 2025, and infini-gram mini received the Best Paper Award at

EMNLP 2025. I am tremendously grateful for these recognitions, and I think they reflect how much upscale

engineering work is valued.
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Appendix A

Appendix: Searching in Pretraining-level

Text Corpora

A.1 Additional Details on the Infini-gram Engine

A.1.1 What is the size of the n-gram count table implied by an infini-gram index?

The size of an n-gram LM is often measured by the number of unique n-grams indexed, each associated

with its count in the dataset. This size is easy to obtain when indexing is done as the classical n-gram count

tables, but non-trivial to compute for infini-gram.

If we consider all possible values of n in the n-gram, then a dataset with N tokens would contain

about 1
2N

2 n-grams, and since most of these n-grams are long and thus very likely to be distinct, there

would be about 1
2N

2 unique n-grams. Since we index N = 5 trillion tokens, the size of the n-gram count

table implied by our infini-gram index would be approximately 1.2 × 1025, or equivalently, 20 mol (using

NA = 6.02× 1023/mol).

However, the document separator is meaningless and should not be part of the n-grams, and we should

probably only count n-grams within the document boundaries. There are N = 5 × 1012 tokens and D =

6×109 documents, and on average each documents have 857 tokens. Using the Cauchy-Schwarz inequality,

97



we have the total number of n-grams as

∑
d

1

2
N2

d ≥ 1

2
D · (N

D
)2 =

N2

2D
= 2× 1015

Therefore, there are at least 2 quadrillion unique n-grams in the count table implied by infini-gram.

A.1.2 Additional details on the infini-gram index

Infini-gram indexes are additive and subtractive. If we have two or more indexes built on disjoint

datasets (with the same tokenizer), we can easily combine them into a single index by adding up the n-

gram counts from each index. This feature is useful in the sharding technique that we discuss in §A.1.3

and §A.1.4. Similarly, if we have built indexes on a big dataset and a subset of it, we can easily obtain an

index of their difference by taking the difference of n-gram counts. Compared to having a single index,

Figure A.1: n-gram/INFINI-GRAM MINI queries on a training data are supported by an associated suffix
array. Both the training data and the suffix array are stored on-disk as regular files. Contents on the white
strips are file data, and addresses above the strips are byte offsets. Querying for a particular n-gram returns
a consecutive segment of the suffix array, where each element is a pointer into the training data where the
n-gram appears. E.g., in the trillion-token training data, Artificial Intelligence, A Modern
appears 42 times, and in all cases the following token is Approach.

98



both operations incur some additional inference operations (which can be parallelized to mitigate latency

overhead), but they would spare us from re-indexing the union or difference sets from scratch.

Document offsets and metadata. To enable efficient document retrieval, the infini-gram index stores

additional data about documents. A document offset file stores the byte offset of each document in the

tokenized dataset, and its format is similar to the suffix array. A document metadata file stores a comma-

separated string for each document that contains its metadata (e.g., document ID, source, URL), and a

document metadata offset file stores the byte offset of each document’s metadata in the document meta-

data file. All the above files are negligible in size compared to the suffix array, because there are far less

documents than the total number of tokens.

A.1.3 Additional details on building the suffix array

Sharding. Building the suffix array requires heavy random access to the byte array, and thus the entire

byte array must be kept in RAM so that the building time is reasonable. However, the byte array may be too

large to fit into RAM. In such cases, we shard the byte array into multiple shards, and build a suffix array

for each shard. Sharding would induce additional inference latency, which we discuss and mitigate below

(§A.1.4).

A.1.4 Additional details on inference with the infini-gram index

Both the first and last occurrence positions can be found with binary search, with time complexity O(n ·

logN) and O(logN) random array accesses. The two binary searches can be parallelized, reducing the

latency by roughly 2x. The impact of query length n is negligible, because computers usually fetch memory

in pages of 4K bytes, and string comparison is much faster than page fetching. Therefore, when we analyze

time complexity below, we refer to the number of random array accesses.

Finding occurrence positions and documents. n-gram counting with suffix arrays has a by-product:

we also get to know all positions where the n-gram appears in the training data, for free. This position

information is implicitly contained in the suffix array segment we obtained during counting, and to retrieve

the original documents where the n-gram appears, all we need to do is to follow each pointer within this
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segment back into the tokenized dataset, and find the starting and ending position of the enclosing document

by performing a binary search on the document offset index. (Note that if we don’t have the document offset

index, the latency of document search cannot be bounded because we would need to expand the pointer in

both directions in the tokenized dataset until hitting the document separator. In practice, we see documents

as large as 20M tokens.)

Impact of sharding. When the suffix arrays are built on sharded byte arrays, we can simply perform

counting on each individual shard and accumulate the counts across all shards. The latency is proportional

to the number of shards: time complexity would become O(S · logN). The processing of different shards

can be parallelized, reducing the time complexity back to O(logN).

Speeding up n-gram computation by re-using previous search results. On the suffix array, the segment

for x1...xn must be a sub-segment of that for x1...xn−1. Therefore, when computing the n-gram probability

Pn(xn | x1...xn−1), we can first count x1...xn−1, and then when counting x1...xn, we only need to search

for the first and last occurrence positions within the segment of x1...xn, which reduces the latency by at

most 2x.

On-disk search. The byte array and suffix array may be too large to fit into RAM, so in practice, we keep

them on disk and read them as memory-mapped files. However, this creates a significant latency as the

binary search requires random access to the byte array and suffix array. To mitigate this, we implemented a

memory pre-fetching method that informs the system of the array offsets we will likely be reading in the

near future. Pre-fetching reduces average latency by roughly 5x.

Speeding up INFINI-GRAM MINI computation. To compute the INFINI-GRAM MINI probability, we need

to count the occurrence of each suffix xl−n+1...xl up to the maximum n so that the suffix still meets the

sufficient appearance requirement (we denote this maximum n as L). This means O(L) counting operations,

and the time complexity for each INFINI-GRAM MINI computation is O(L · logN). However, a simple

binary-lifting + binary-search algorithm for searching L can reduce the number of counting operations to

O(logL), and thus the time complexity for each INFINI-GRAM MINI computation becomes O(logL·logN).
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Speeding up dense INFINI-GRAM MINI computation. During evaluation, we need to compute the INFINI-

GRAM MINI probability of each token in the test document. We can save computation by observing that the

effective n for one token is at most one token longer than that for the previous token. This brings the

amortized time complexity for evaluating each token down to O(logN).

A.1.5 Supported query types and latency benchmarking

Infini-gram supports the following types of n-gram/INFINI-GRAM MINI queries:

1. Counting an n-gram (COUNT);

2. Computing a token probability from n-gram LM (with given n, no backoff) (NGRAMPROB);

3. Computing the full next-token distribution from n-gram LM (NGRAMDIST);

4. Computing a token probability from INFINI-GRAM MINI LM (INFGRAMPROB);

5. Computing the full next-token distribution from INFINI-GRAM MINI LM (INFGRAMDIST);

6. Returning documents containing an n-gram, or a CNF logical expression of n-gram terms, con-

nected with AND’s and/or OR’s (e.g., (natural language processing OR artificial

intelligence) AND (deep learning OR machine learning)) (SEARCHDOC).

We benchmark the latency of infini-gram on different types of n-gram and INFINI-GRAM MINI queries,

and show results in Table C.2. During inference, the training data and the suffix array are stored on an

SSD. For each type of query, the benchmarking is conducted on 1,000 tokens randomly and independently

sampled from Pile’s validation data (except for the task “computing a token probability from INFINI-GRAM

MINI LM on consecutive tokens”, where we sampled 10 documents and processed 1000 consecutive tokens

in each document).

All types of queries demonstrate sub-second latency on the trillion-token training data. Computing a to-

ken probability from the INFINI-GRAM MINI with RedPajama takes merely 135 milliseconds. Furthermore,

our implementation supports counting the occurrence of an n-gram with arbitrarily large n, with roughly

constant latency at 20 milliseconds (we experimentally validated up to n = 1000). Decoding requires com-
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Reference Data (→) Pile-train RPJ Time Complexity
N = 0.36T N = 1.4T (measured by number

Query Type (↓) S = 2 S = 8 of random disk accesses)

1. Counting an n-gram O(logN)
... (n = 1) 7 ms 9 ms
... (n = 2) 13 ms 20 ms
... (n = 5) 14 ms 19 ms
... (n = 10) 13 ms 18 ms
... (n = 100) 13 ms 19 ms
... (n = 1000) 14 ms 19 ms

2. Computing a token probability from n-gram LM (n = 5) 19 ms 30 ms O(logN)
3. Computing full next-token distribution from n-gram LM (n = 5) 31 ms 39 ms O(V · logN)
4. Computing a token probability from INFINI-GRAM MINI LM 90 ms 135 ms O(logL · logN)

... on consecutive tokens 12 ms 20 ms O(logN)
5. Computing full next-token distribution from INFINI-GRAM MINI LM 88 ms 180 ms O((logL+ V ) · logN)

Table A.1: Inference-time latency of infini-gram on different types of queries. Average latency per query
is reported. Benchmarked with inference engine written in C++ (with parallelized shard processing) and
running on a single, 8-core CPU node. Notations for time complexity: N = number of tokens in the
reference data; S = number of shards for the suffix array; L = number of tokens in the query document;
V = vocabulary size.

puting the full next-token distribution and is thus slightly slower: 39 milliseconds per token with n-gram

LMs and 180 milliseconds per token with INFINI-GRAM MINI.

A.2 Decontamination of Reference Data

To properly evaluate the effectiveness of INFINI-GRAM MINI LM on Pile’s evaluation sets, we performed

data decontamination on the Pile’s training set and RedPajama before using them as reference data for the

INFINI-GRAM MINI LM. We run the Big Friendly Filter (BFF)1 [Groeneveld, 2023] on Pile’s training set and

RedPajama, filtering out documents with too much n-gram overlap with Pile’s evaluation sets. Table A.2

reports the statistics of decontamination.

When using BFF, we always remove whole documents, instead of by paragraphs. Following the default

settings, we consider n-grams where n = 13, and discard the document if at least 80% of its n-grams are

present in the evaluation set. For Pile’s training set, we lowercase all documents to capture more potential

contaminations.

1https://github.com/allenai/bff
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REDPAJAMA

Subset Total docs Filtered docs Ratio filtered

arxiv 1558306 213 0.01%
book 205744 711 0.3%
c4 364868892 53195 0.01%
common_crawl 476276019 0 0%
github 28793312 614259 2%
stackexchange 29825086 40086 0.01%
wikipedia 29834171 21973 0.07%

Total 931361530 730437 0.08%

PILE (TRAIN)

Subset Total docs Filtered docs Ratio filtered

Arxiv 2377741 1089
BookCorpus2 25355 6
Books3 277655 99
DM Mathematics 1918535 0 0%
Enron Emails 926132 18236 2%
EuroParl 131723 21
FreeLaw 5069088 11821 0.2%
Github 18044218 961726 5.3%
Gutenberg (PG-19) 66981 70 0.1%
HackerNews 1571968 14
NIH ExPorter 1777926 3739 0.2%
OpenSubtitles 632485 5754 0.9%
OpenWebText2 32333654 136914 0.4%
PhilPapers 63875 2324 0.4%
Pile-CC 52441354 19928
PubMed Abstracts 29329202 2312
PubMed Central 5679903 4230 0.1%
StackExchange 29529008 2072
USPTO Backgrounds 11123325 80088 0.7%
Ubuntu IRC 20067 10
Wikipedia (en) 16939503 45052 0.3%
YoutubeSubtitles 328030 871 0.3%

Total 210607728 1296376 0.6%

Table A.2: Statistics of de-contamination in RedPajama (left) and Pile’s training set (right).

A.3 Additional Analysis

Figure A.2 is an extension to the middle plot of Figure 2.3, and shows a more fine-grained analysis of the

token-wise agreement between human-written text and INFINI-GRAM MINI. Figure A.3 extends Figure 2.4

with results on Llama-2-13b/7b. Figure A.4 extends Figure 2.5 with results on GPT-Neo models.

A.4 Additional Experiments on Improving Neural LMs with INFINI-GRAM

MINI

A.4.1 Additional details on experimental setup

Evaluation data processing. We split each document in the evaluation data into batches with a maximum

sequence length of 1024 and a sliding window of 512, a setup that is standard in prior language modeling

literature [Baevski and Auli, 2019; Khandelwal et al., 2020].
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Figure A.2: Token-wise agreement between human-generated text and INFINI-GRAM MINI, broken down
by “effective n” and frequency of the corresponding longest suffix in the reference data. The height of each
bar represents token count, and the color represents agreement (red is 0.0, green is 1.0).

Figure A.3: Continuation of Figure 2.4, with results on Llama-2-13b/7b.

Neural LMs. Below are additional details about the families of neural LMs we use.

• GPT-2 [Radford et al., 2019], one of the earliest autoregressive language models whose sizes range from

117M, 345M, and 774M to 1.6B. Their training data is a diverse set of web text, although is not public.
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Figure A.4: Continuation of Figure 2.5, with results on GPT-Neo models. Token-wise agreement between
machine-generated text and INFINI-GRAM MINI. All tokens are considered.

Eval
Data
(Wikipedia)

simple interpolation w/ Random Forest

Neural + INFINI-GRAM MINI Neural + INFINI-GRAM MINI

April 2023 5.64 5.48 (3%) 5.86 4.89 (20%)
May 2023 5.43 5.27 (4%) 6.01 5.70 ( 6%)
June 2023 5.49 5.21 (6%) 5.69 4.87 (17%)
July 2023 4.93 4.93 (0%) 4.91 4.78 ( 3%)
August
2023

4.64 4.46 (5%) 4.81 4.50 ( 8%)

Table A.3: Evaluation on time-shifted data. The evaluation data is taken from newly-added Wikipedia
articles since April 2023, which is after the creation of both the Pile and RedPajama. The neural model is
Llama-2 (13B), and the INFINI-GRAM MINI reference data is Pile + RPJ.

• GPT-Neo [Gao et al., 2020b] and GPT-J [Wang and Komatsuzaki, 2021], language models trained on the

Pile whose sizes vary from 125M, 1.3B, and 2.7B to 6.7B.

• Llama-2 [Touvron et al., 2023b], a subsequent version of LLaMA [Touvron et al., 2023a] trained on two

trillion tokens and has sizes of 7B, 13B, and 70B. Llama-2 is one of the most competitive language models

whose weights are available at the time of writing the paper. The training data of Llama-2 is unknown,

although the precedent version is trained on a large corpus of Common Crawls, Wikipedia and code, which

is replicated by RedPajama [Together, 2023].

• SILO [Min et al., 2023a], 1.3B language models trained on permissively licensed data only. The orig-

inal paper showed that training on permissively licensed data leads to the challenge of extreme domain

generalization because the training data is skewed to highly specific domains like code and government

text. We use three different variants, PD, PDSW and PDSWBY, which are trained on different levels of

permissivity, leading to varying levels of the domain generalization challenge.

105



Figure A.5: Impact of scaling the datastore of the INFINI-GRAM MINI, all using the Llama-2 models (7B,
13B, and 70B) as neural LMs, and the Pile as the reference data. - - -: neural LM only (baseline). •: INFINI-
GRAM MINI uses the full Pile; ◦: INFINI-GRAM MINI uses only the in-domain portion of the Pile. Gains
increase consistently as the datastore scales.

A.4.2 Evaluating on time-shifted data

To further show the effectiveness of INFINI-GRAM MINI and eliminate doubts that our performance gains

might be due to insufficient decontamination, we evaluate on time-shifted data: documents that were cre-

ated after the cutoff time of the INFINI-GRAM MINI reference data. We use new Wikipedia articles created

during April and August, 2023, which is after the cutoff time of both Pile and RedPajama.

Table A.3 reports the perplexity of neural LM as well as the combined model. On documents in four

out of the five months, interpolating with INFINI-GRAM MINI improves the perplexity of the neural LM. We

find that this improvement can be further boosted by applying a Random Forest to decide an instance-wise

interpolation hyperparameter, where the features of the Random Forest are the suffix lengths (1 up to the

effective n) as well as the frequency of each suffix in the reference data. When Random Forest is applied,

the perplexity improvement ranges from 3% – 20%.

A.4.3 Ablations

Effect of the size of reference data. Figure A.5 reports performance of the combined model wrt the

size of reference data. To create progressively smaller reference data, we repeatedly downsampled the full

reference data by 2x (up to 256x, resulting in 9 sizes). We see the improvement brought by INFINI-GRAM

MINI widens as reference data size grows, and the relationship is roughly log-linear (except for the NIH

ExPorter domain, where INFINI-GRAM MINI doesn’t help when the reference data is too small).
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Effect of the domain of reference data. Figure A.5 also compares performance of the combined model

where the INFINI-GRAM MINI uses either the full reference data or only the in-domain reference data. Using

only the in-domain reference data is roughly as powerful as using the full reference data, which implies that

almost all improvement we have achieved is thanks to in-domain data (which has been decontaminated).

This means it would not hurt to use the full reference data, especially when the test domain is unknown or

an in-domain reference data is unavailable; however, having in-domain reference data is most helpful.

A.5 Extended Discussion

In §2.3 and §2.4, we showcased some very preliminary use cases of the infini-gram engine. However, we

believe that infini-gram can enable much broader investigations and applications, including but not limited

to:

Understanding massive text corpora. Text corpora used for pretraining language models have become

prohibitively large, and we have relatively limited understanding of their contents [Elazar et al., 2023].

Infini-gram can be a useful tool to quickly find out what is in the corpus and what is not, using n-gram

lookup (the COUNT query).

Data curation. Data engineers often want to remove problematic content in corpora scraped from the

Internet, such as toxicity, hate speech, and personal identifiable information (PII). Using infini-gram’s

SEARCHDOC query (which can be easily modified to return all documents), one can retrieve all docu-

ments containing an n-gram term (or a CNF expression with multiple n-gram terms) and remove them from

the corpus. Removal can even be done iteratively: infini-gram indexes are additive/subtractive, so we can

obtain an index of the corpus after round one removal, by indexing the removed set and take the difference

of the original index and the removal index.

Document retrieval. The scale of datastore is key to the effectiveness of retrieval-augmented LMs [Asai

et al., 2024]. However, vector-based indexes are difficult to scale up due to compute limit, storage limit, and

inference efficiency. Infini-gram’s SEARCHDOC function can retrieve documents from datastores as large

as the full pretraining corpora, and can potentially boost the performance of retrieval-augmented LMs.
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Reducing hallucination in factual knowledge. Parametric-only models are prone to generating non-

factual statements, which is widely known as the hallucination problem. Infini-gram can potentially be

used to mitigate hallucination by reading verbatim from the training data. We have found evidence that the

INFINI-GRAM MINI can greatly outperform Llama-2-70B on factual probing benchmarks such as LAMA

[Petroni et al., 2019].

Detecting data contamination, memorization, and plagiarism. Test set contamination has become a

major issue for language model evaluation. n-gram lookup enables us to check if evaluation queries have

sneaked into the training data of neural LMs. It also opens up possibility to detect memorization in machine-

generated text, or plagiarism in human-written text.

Preventing copyright infringement. Recently, generative AIs are facing numerous lawsuits for generat-

ing arguably copyrighted materials. Infini-gram may be helpful for preventing copyright infringement, by

diverting neural LMs to alternative (yet still plausible) generation paths when they are about to generate long

n-grams that appear in the training data, especially if they mostly appear in documents from copyrighted

sources.

Measuring popularity of entity. Mallen et al. [2022] showed that LMs have better memorization of facts

about popular entities than less popular ones. In that paper, heuristic metrics like Wikipedia pageviews are

used as proxy to popularity. A better proxy may be the number of appearances of the entity’s name in a

massive text corpus, which can be easily computed by infini-gram’s COUNT query.

Measuring novelty and creativity of text. Are neural LMs generating genuinely novel text, or are they

simply copying from its pretraining data? We need a metric for text novelty and creativity, and this metric can

be potentially defined by the n-gram overlap between the generated document and the pretraining corpus.

Attribution. When using neural LMs to make predictions, people might want to know which training data

most influenced the model’s decision. Using n-gram lookup with key phrases, we can trace back to related

documents in the training data of neural LMs.
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Method # tokens (↑) # entries (↑) Storage usage (↓) max n

Vector-based index
RETRO [Borgeaud et al., 2022] 1.8 T 2.8× 1010 432 TB (16k bytes / entry) –
Atlas [Izacard et al., 2022] 27 B 4× 108 200 GB (8 bytes / entry) –
kNN-LM [Khandelwal et al., 2020] 3 B 3× 109 200 GB (64 bytes / entry) –
NPM [Min et al., 2023b] 1 B 1× 109 1.4 TB (∼ 2k bytes / entry) –

n-gram-based index
Brants et al. [2007] 2 T 3× 1011 unreported 5
Google’s [Franz and Brants, 2006] 1 T 3.8× 109 24 GB 5
Google Books Ngram [Aiden and Michel, 2011] 500 B unreported unreported 5
Stehouwer and van Zaanen [2010] 90 M unreported unreported ∞
Kennington et al. [2012] 3 M 5× 1012 330 MB (110 bytes / token) ∞
Shareghi et al. [2015] 9 B 8× 1018 63 GB (7 bytes / token) ∞

infini-gram (ours) 5 T 1× 1025 35 TB (7 bytes / token) ∞

Table A.4: Comparison with other nonparametric language modeling methods. # tokens: number of tokens
in the inference-time reference data. # entries: number of representations (counts) in the index. max n:
maximum number of context tokens considered. For infini-gram, we consider the combination of Pile-train
and RedPajama as reference data.

Non-parametric speculative decoding. Speculative decoding [Chen et al., 2023] speeds up text gener-

ation by employing a fast and a slow decoder, where the fast decoder is a smaller model that does the

autoregressive token generation, and the slow decoder checks the fast decoder’s proposals by paralleliz-

ing the forward passes of multiple tokens. Given the low latency of infini-gram, we can potentially use

INFINI-GRAM MINI as the fast decoder, similar to He et al. [2023].

We welcome the community to collaboratively build toward the aforementioned directions, by leverag-

ing our publicly released web interface and API endpoint.

A.6 Extended Related Work

n-grams beyond n = 5. Mochihashi and Sumita [2007] and Wood et al. [2009] consider infinitely-

ordered Markov models, to which the INFINI-GRAM MINI LM is a special case. Aside from the INFINI-

GRAM MINI LM, some other work has found value in scaling the value of n in n-grams. For example,

KiloGrams [Raff et al., 2019] uses 1024-grams as features for malware detection.
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Other data structures for text indexing. Beside suffix arrays and suffix trees, other data structures have

been used to index text corpora to satisfy different trade-offs. Koala [Vu et al., 2023] builds a compressed

suffix array to analyze overlap between text corpora. The ROOTS Search Tool [Piktus et al., 2023] builds a

BM25 index on the ROOTS corpus, and supports document searching via both exact match and fuzzy match

of n-grams. Data Portraits [Marone and Durme, 2023] proposes a lightweight index based on Bloom Filter,

and is tailored for probabilistic membership inference (exact match of n-grams of 50 characters, where

n ≈ 8) against the Pile and Stacks. ElasticSearch is a proprietary search engine based on the Lucene index,

and it has been used by Dodge et al. [2021] to search documents in C4, and also by Elazar et al. [2023] to

count n-grams and list most frequent n-grams in various corpora up to 480B tokens.

Nonparametric language models. A nonparametric LM refers to the LM whose complexity is not bounded

as a priori, because the complexity can grow or update according to the data given at inference time. Prior

work is broadly divided into two categories: a token retrieval approach that represents each token as one

vector and uses a nonparametric prediction function [Khandelwal et al., 2020; Zhong et al., 2022; Lan et al.,

2023; Min et al., 2023b,a; Shi et al., 2023], and a chunk retrieval approach that represents each chunk of

text as a vector and incorporates nearest chunks to the neural language model [Guu et al., 2020; Izacard

et al., 2022; Borgeaud et al., 2022]. Scaling the reference data in nonparametric LMs is very expensive as

it requires storing a vector for every unit (either token or chunk). To the best of our knowledge, prior work

with the largest reference data is RETRO [Borgeaud et al., 2022], which uses the 7B-parameter LM and the

reference data consisting of 1.8 trillion tokens. It stores and searches over 28 billion vectors, estimated to

consume 432TB of disk space.2 (Detailed comparisons in Table A.4.)

A.7 Example Queries and Web Interface

Figures A.6 to A.11 show one example for each of the six query types supported by infini-gram. We query

the Dolma corpus in these examples. Screenshots are taken from our web interface.

2This is in part because RETRO does not use any approximation in kNN search. Even if RETRO used approximate search as
Khandelwal et al. [2020] did, it would still use 10TB. Moreover, there is no open-sourced software that easily supports fast kNN
search over tens of billions of vectors.
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Figure A.6: Example for query type 1 (COUNT): Counting an n-gram.

Figure A.7: Example for query type 2 (NGRAMPROB): Computing a token probability from n-gram LM
(with given n, no backoff).
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Figure A.8: Example for query type 3 (NGRAMDIST): Computing the full next-token distribution from
n-gram LM. Due to space limits, only top-10 tokens are shown.

Figure A.9: Example for query type 4 (INFGRAMPROB): Computing a token probability from INFINI-
GRAM MINI LM.
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Figure A.10: Example for query type 5 (INFGRAMDIST): Computing the full next-token distribution from
INFINI-GRAM MINI LM. Due to space limits, only top-10 tokens are shown.
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Figure A.11: Example for query type 6 (SEARCHDOC): Returning documents containing an n-gram, or a
CNF logical expression of n-gram terms, connected with AND’s and/or OR’s.
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Appendix B

Appendix: Tracing Language Model

Outputs back to the Massive Training Data

B.1 More Screenshots of INFINI-GRAM MINI

Figure B.1 is an extension of Figure 3.1 and shows screenshots of INFINI-GRAM MINI when user interacts

with the UI.

Figure B.1: Screenshots on interacting with INFINI-GRAM MINI on Ai2 Playground. Left: When user
clicks on a highlighted span, the document panel is filtered to only present documents enclosing the selected
span. Right: When user clicks the “Locate Span” button on a document, the span highlights will narrow
down to those enclosed in the selected document. Clicking on the same place again or the “Clear Selection”
button will lead back to showing all spans and documents (Figure 3.1, left).

115



B.2 Production System Setup

We host the production system of INFINI-GRAM MINI on Google Cloud Platform. We store the infini-gram

index files on pd-balanced SSD disks with up to 80,000 read IOPS per VM. To achieve the maximum

IOPS, we mount the disks to an N2 VM with 64 vCPUs. We keep the index files on disk for inference

to avoid needing an unrealistic amount of RAM, and allocate 256GB RAM for the VM to fit the fully-

materialized page tables of the mmap’ed index files (0.2% the full file size). To enhance system availability

and throughput, we keep 2 VM replicas and multi-mount the same disks to both VMs, and we keep INFINI-

GRAM MINI processing in separate workers.

In the infini-gram engine, we turn off prefetching (setting all prefetch depth to 0) because it would slow

down the overall inference. (Prefetching reduces the latency of single query at the cost of performing more

disk read ops speculatively, which is not beneficial when disk I/O throughput is the bottleneck.) We also

implemented a batched version of GETDOCBYPTR query to retrieve multiple training documents in parallel

and reduce latency.

Disk I/O analysis. Here we compute the number of random disk reads needed in the span computation

step. For each beginning token position in the LM output, we need to find its longest matching prefix which

means 2 FIND queries; effectively this only counts as 1 FIND query because most disk reads are shared and

cached. Each Find takes 2 binary searches over the SA, but our implementation combines them into 1 binary

search. Each binary search takes logN ≈ 40 steps, where each step takes 2 disk reads – one on the SA and

one on the text corpus. In practice we partition the training data into 12 shards, so multiply the number of

disk reads by 12. This means for each token in the LM output, we need 40×2×12 = 960 disk reads. Given

that our disks have 80,000 IOPS, INFINI-GRAM MINI can processes, for example, a 100-token LM output

within 1.2 seconds.

B.3 More Details on Document Relevance Evaluation

For human evaluation, we used the rubric in Table B.1 (left). For LLM-as-a-Judge evaluation, we used the

prompt in Table B.1 (right), which closely follows the rubric, and gpt-4o-2024-08-06 as the judge model.

Table B.2 shows the evaluation results. We report 4 metrics: average score among the first and top-5
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Score Description

0 The snippet or context of the snippet is about a different topic than the
query and model response (though possibly semantically similar):
For example, for the query breast cancer symptoms, give a 0 to:
A snippet about heart attack symptoms – wrong topic
A snippet about brain cancer symptoms – may not necessarily apply to
breast cancer symptoms

1 The snippet or context of the snippet is about a broader topic than the
query and model response, or is potentially relevant but there’s not enough
information:
For example, for the query breast cancer symptoms, give a 1 to:
A snippet about cancer in general – missing key specifics of symptoms

2 The snippet or context of the snippet is on the right topic of the query and
model response, but is in a slightly different context or is too specific to
fit the exact query:
For example, for the query breast cancer symptoms, give a 2 to:
A snippet referring a breast cancer treatment side effect

3 The snippet or context of the snippet is about a subject that is a direct
match, in topic and scope, of the most likely user intent for the query and
model response:
For example, for the query breast cancer symptoms, give a 3 to:
A snippet discussing a symptom specific to breast cancer

LLM-as-a-Judge Prompt

You will be given a user prompt, a model’s response
to the prompt, and a retrieved document. Please
rate how relevant the document is to the prompt and
model response. Rate on a scale of 0 (not relevant)
to 3 (very relevant). Respond with a single number,
and do not include any other text in your response.

Rubric for rating:
0: The document is about a different topic than the
prompt and model response.
1. The document is about a broader topic than
the prompt and model response, or is potentially
relevant but there’s not enough information.
2. The document is on the right topic of the prompt
and model response, but is in a slightly different
context or is too specific.
3. The document is about a subject that is a direct
match, in topic and scope, of the most likely user
intent for the prompt and model response.

Prompt: {prompt}
Model response: {response}
Retrieved document: {document}

Table B.1: Left: Rubrics for document relevance evaluation. Right: Prompt for automatically evaluating
document relevance with LLM-as-a-Judge.

Avg score Avg score % relevant % relevant
Setting (1st doc) (top-5 docs) (1st doc) (top-5 docs)

our final setting 1.82 1.50 63.3% 55.1%
+ BM25 doc reranking only considers LM response (no user prompt) 1.78 1.49 62.2% 54.5%

+ shorten doc context length to 100 tokens 1.74 1.44 64.3% 52.9%
+ span ranking w/ length 1.56 1.37 57.1% 49.4%
+ drop spans w/ frequency >10 1.73 1.28 62.2% 47.0%

+ switch to human annotator 1.90 1.43 63.0% 46.2%

Table B.2: Evaluating the relevance level of top documents displayed by INFINI-GRAM MINI. Avg score
is on a likert scale of 0-3, where 0 is “unrelated” and 3 is “highly relevant”. For % relevant, we consider a
document as relevant if it gets a score of 2 or 3. We use LLM-as-a-Judge with gpt-4o-2024-08-06, except in
the last row where we collect annotation from a human expert.

displayed documents, and the percentage of relevant documents among the first and top-5 displayed doc-

uments. We report different settings in reversed chronological order. For the last row, we used an early

hyperparameter setting of INFINI-GRAM MINI with human evaluation, and for the second-last row we used

the same hyperparameter setting but switched to LLM-as-a-Judge. The early hyperparameter setting differs

from our final setting in that:
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1. Before step 2, it dropped maximal matching spans that appear more than 10 times in the training data

(i.e., frequency >10);

2. In step 2, it ranked the spans by descending length instead of ascending span unigram probability;

3. When reranking documents in step 5, the BM25 scorer only considered a context length of 100 tokens

around the span instead of 500;

4. The BM25 scorer only considered the LM response and did not consider the user prompt.

We tuned LLM-as-a-Judge so that it has high agreement and roughly matched statistics with the human

evaluation, and our selection of model (gpt-4o-2024-08-06) and prompt (Table B.1, right) was the best

combination we reached.

We then incrementally adjusted the hyperparameter settings in INFINI-GRAM MINI and measured the

document relevance with LLM-as-a-Judge. The first change we made is to no longer drop maximal matching

spans that appear more than 10 times in the training data. The dropping was due to a limitation in the early

version of our system, and we thought this would lead to incomplete results (many documents are duplicated

more than 10 times in the pre-training data) and decided to not drop any maximal matching spans according

to frequency. Not dropping spans decreased the metrics on the first displayed documents, but increased the

metrics on the top-5. Subsequently, we incrementally flipped item 2, 3, and 4 in the above change list, and

with every change applied, the overall document relevance metrics improved (with a small exception on %

relevant among first displayed documents). Our final setting achieved an average relevance score of 1.82

among the first displayed documents, and 1.50 among the top-5 documents, according to LLM-as-a-Judge.
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Appendix C

Appendix: More Efficient Search for

Internet-scale Text Corpora

C.1 Querying the FM-Index

This section introduces in details three operations supported by FM-index: find, locate, and reconstruct.

Find. Each occurrence of a pattern string Q in the haystack string T corresponds to an element in the SA,

and all these occurrences live in a consecutive range in the SA. The find operation computes this range with

backward search: starting with the full range, it iterates through the symbols in Q in reverse order, with each

iteration narrowing the range using the character table C and the rank operation of the BWT’s wavelet tree.

The length of the final range is the count of Q in T . Figure C.1 (left) illustrates finding pattern “ana” in

string “banana”. The time complexity of find is O(|Q|H0), where |Q| is the length of the pattern.

Locate. The locate operation maps any position in the SA to its corresponding position in T . Since the

SA is sampled at interval a, for an unsampled position i, the algorithm applies LF mapping at most a times

to locate the nearest sampled SA entry. Figure C.1 (middle) illustrates locating the two occurrences of “ana”

in “banana”. The time complexity of locating each position is O(tSA), where tSA is the complexity of

accessing an SA entry, which is O(1) for sampled entries and O(aH0) for unsampled entries.
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Figure C.1: Illustration of operations on FM-index (§4.1.2, App. §C.1). Left: find operation computes the
SA range corresponding to all occurrences of the pattern. Middle: locate operation computes the position
of pattern occurrence in the original string for each position in the SA range. Right: reconstruct operation
gets a substring of the original string enclosing the second pattern occurrence with a context length of 1.
The occurrence ranking is based on its order in SA.

Reconstruct. After getting the position of a pattern occurrence in T , we can reconstruct a substring of T

enclosing that occurrence with some additional context. Starting at the end position of the desired substring,

we apply the LF mapping to traverse through the BWT and use ISA to recover the symbol, and reconstruct

symbols in reverse order until reaching the start position of the desired substring. Figure C.1 (right) shows

reconstructing the second occurrence of “ana” with context length of 1. The time complexity of reconstruct

is O(dH0+ tISA), where d is the length to reconstruct, and tISA is the complexity of accessing an ISA entry,

which is O(1) for sampled entries and O(bH0) for unsampled entries.

C.2 Indexing Time

Table C.1 presents indexing time for each shard of text corpora with stepwise breakdown. Suffix array

construction scales super-linearly depending on the level of duplication [Lee et al., 2022a]. Constructing

alphabet, wavelet tree, and sampling are linear operations. Indexing time also varies across similar-size

shards originated from different text corpora, showing the time also depend on text corpora properties. For

example, over 60% duplicate documents in the Pile [Elazar et al., 2024] causes SA construction to take

significantly longer compared to DCLM-baseline.
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Step Pile-val Pile-train DCLM-baseline CC-2025-05
(1.4 GB) (653 GB) (667 GB) (654 GB)

SA+BWT 29 s 41710 s 29543 s 55692 s

alphabet 4 s 2584 s 2895 s 2580 s

wavelet tree 13 s 5773 s 6257 s 5325 s

sample SA 1 s 2540 s 2232 s 2013 s

sample ISA 2 s 3975 s 2659 s 2313 s

Total 49 s 15.7 h 12.1 h 18.9 h

Table C.1: Index construction time for each shard of the text corpora, with stepwise breakdown. The size
of text in each shard is noted at the top. To get the indexing time of the full corpus on a single node, roughly
multiply by the number of shards; though this can be embarrassingly parallelized across multiple nodes.
Metadata size and metadata indexing time are excluded.

C.3 Benchmarking Query Latency

We benchmark the query latency of INFINI-GRAM MINI, and report results in Table C.2. For counting, we

experiment with query lengths |Q| ∈ {1, 2, 5, 10, 50, 100, 500, 1000}, and for each length, randomly sample

the query strings from the corpus. For retrieving documents, we use queries of length 10 sampled from the

corpus, and reconstruct text surrounding the query with total length of d ∈ {10, 50, 100, 500, 1000}. For

each corpus and parameter setting, we repeat with 100 random queries and report the average latency. For

benchmarking, we store the indexes on pd-balanced SSD disks on GCP which has a max IOPS of 80,000

and max throughput of 1200 MB/s, and we experiment on an n2-highcpu-64 node where the max disk

I/O performance can be achieved.

C.4 Query Latency Comparison with Prior Works

Table C.3 reports query latency on Pile-train corpus using our method compared to prior work by Liu et al.

[2024a].
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Pile-train DCLM-baseline CC-2025-05 Time
(n = 1.3T) (n = 16.7T) (n = 9.1T) Complexity

(S = 2) (S = 25) (S = 15)

Counting a query of length |Q| O(|Q|H0)
. . . (|Q| = 1) 0.004 s 0.005 s 0.032 s
. . . (|Q| = 2) 0.015 s 0.017 s 0.094 s
. . . (|Q| = 5) 0.061 s 0.207 s 0.206 s
. . . (|Q| = 10) 0.106 s 0.402 s 0.350 s
. . . (|Q| = 20) 0.182 s 0.868 s 0.638 s
. . . (|Q| = 50) 0.393 s 1.743 s 1.063 s
. . . (|Q| = 100) 0.696 s 2.857 s 1.642 s
. . . (|Q| = 200) 1.281 s 5.699 s 2.753 s
. . . (|Q| = 500) 2.763 s 12.46 s 4.626 s
. . . (|Q| = 1000) 4.808 s 25.47 s 7.957 s

Retrieving a text of length d O((a+ b+ d)H0)
. . . (d = 10) 0.426 s 0.895 s 1.101 s
. . . (d = 50) 0.634 s 1.549 s 1.302 s
. . . (d = 100) 0.734 s 1.991 s 1.326 s
. . . (d = 500) 0.874 s 2.363 s 1.609 s
. . . (d = 1000) 0.94 s 2.385 s 1.705 s
. . . (d = 2000) 1.213 s 3.464 s 2.849 s
. . . (d = 3000) 1.858 s 4.456 s 3.330 s

Table C.2: Inference time latency of INFINI-GRAM MINI. Average latency of each query is reported. Nota-
tions: n = number of bytes in the text corpus, S = number of shards for the index, |Q| = length of query
in bytes, d = length of text (in bytes) to reconstruct from the index, a = sampling rate of SA, b = sampling
rate of ISA, H0 = zeroth-order entropy of the corpus.

C.5 INFINI-GRAM MINI Web Interface

We host web interface for easy access to counting (Figure C.2 left) and document retrieval (Figure C.2 right)

with the indexes we have built.

C.6 Details for Benchmarks in Contamination Analysis

Table C.4 shows the benchmarks we analyze under each category with citation and source.

C.7 Detailed Benchmark Contamination Result

Table C.5 reports the number of suspicious and dirty entries of each benchmark.
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|Q| = 10 bytes |Q| = 20 bytes |Q| = 100 bytes

infini-gram [Liu et al., 2024a] 13 ms 14 ms 13 ms
INFINI-GRAM MINI 106 ms 182 ms 696 ms

Table C.3: Text retrieving latency comparison between infini-gram and INFINI-GRAM MINI on Pile-train
corpus.

Figure C.2: The web interface of INFINI-GRAM MINI. Left: counting a string. Right: retrieving docu-
ments.
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Benchmark Citation Source

Knowledge and Reasoning

MMLU Hendrycks et al., 2021 https://huggingface.co/datasets/cais/mmlu
MMLU-Pro Wang et al., 2024 https://huggingface.co/datasets/TIGER-Lab/MMLU-Pro
BigBenchHard Suzgun et al., 2022 https://github.com/suzgunmirac/BIG-Bench-Hard/tree/main/bbh
AGIEval Zhong et al., 2023 https://github.com/ruixiangcui/AGIEval/tree/main/data/v1_1
GPQA Rein et al., 2023 https://huggingface.co/datasets/Idavidrein/gpqa
HLE Phan et al., 2025 https://huggingface.co/datasets/cais/hle

Math

AIME-2024 of Problem Solving, 2024 https://huggingface.co/datasets/Maxwell-Jia/AIME_2024
GSM8K Cobbe et al., 2021 https://huggingface.co/datasets/openai/gsm8k
MATH-500 Lightman et al., 2023 https://huggingface.co/datasets/HuggingFaceH4/MATH-500
MGSM Shi et al., 2022 https://huggingface.co/datasets/juletxara/mgsm

Code

HumanEval Chen et al., 2021 https://huggingface.co/datasets/openai/openai_humaneval
HumanEval+ Liu et al., 2023d https://huggingface.co/datasets/evalplus/humanevalplus
LiveCodeBench Jain et al., 2024 https://huggingface.co/datasets/livecodebench/code_generation

(code generation)
SWE-bench Jimenez et al., 2024 https://huggingface.co/datasets/princeton-nlp/SWE-bench_Verified
MBPP Austin et al., 2021 https://huggingface.co/datasets/google-research-datasets/mbpp

Commonsense Understanding

ARC-Challenge Clark et al., 2018 https://huggingface.co/datasets/allenai/ai2_arc
ARC-Easy Clark et al., 2018 https://huggingface.co/datasets/allenai/ai2_arc
CSQA Talmor et al., 2019 https://huggingface.co/datasets/tau/commonsense_qa
HellaSwag Zellers et al., 2019 https://huggingface.co/datasets/Rowan/hellaswag
Openbook QA Mihaylov et al., 2018 https://huggingface.co/datasets/allenai/openbookqa
Social IQa Sap et al., 2019 https://huggingface.co/datasets/allenai/social_i_qa
WinoGrande Sakaguchi et al., 2019 https://huggingface.co/datasets/allenai/winogrande

Reading Comprehension

CoQA Reddy et al., 2019 https://huggingface.co/datasets/stanfordnlp/coqa
SQuAD Rajpurkar et al., 2016 https://huggingface.co/datasets/rajpurkar/squad

Table C.4: Citation and source of each benchmark analyzed in this paper.
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C.8 Contamination Examples

Figure C.3 to Figure C.9 shows example dirty entries in seven benchmarks and its contamination source

retrieved from one of three corpus using INFINI-GRAM MINI. We also present the original webpage that is

responsible for the contamination.

C.9 Dirty Entry Categorization using LLM-as-a-judge

We use gpt-4o-mini to categorize all dirty entries into one of four categories described in §4.3.3. For each

dirty entry, we extract the 50-character substring that has least occurrence in the corpus. We then retrieve text

snippet with context length of 400 characters (850 characters in total). We prompt gpt-4o-mini by providing

both the dirty entry and the text snippet and let the model decide which category the dirty entry belongs. We

use the following prompt:

You are an expert in evaluating benchmark contamination. Given an entry and detected overlap in

the corpus, categorize how the entry is contaminated in corpus into one of four categories:

1. You can find exact match of question stem and the correct answer (correct choice if multiple choices,

or answer matching exactly the answer field) in corpus.

2. You can find exact match of question stem, and the correct answer appears, though not in exact

match.

3. You can find exact match of question stem, but you cannot find the correct answer in any form.

4. False positive

Output only the category number.

C.10 Interface of the Benchmark Contamination Monitoring System

Figure C.10 shows the interface of the system. It consists of two tabs: (1) Benchmark Contamination

Bulletin, and (2) submission page for community to contribute. Benchmarks analyzed in this paper are

reported in “core” table, and submitted benchmarks will be added to “community” table.
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(a) Left upper: An entry in the AIME-2024 benchmark. Right: A document contaminating this entry, retrieved from
CC-2025-05 by INFINI-GRAM MINI. This example belongs to Category 1, where the correct answer can be found in
the document.

(b) The original webpage responsible for the contamination.

Figure C.3: AIME dirty entry example in CC-2025-05. The contamination source is the official AOPS
website, where AIME exams are published.
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(a) Left upper: An entry in the MMLU benchmark. Right: A document contaminating this entry, retrieved from
CC-2025-05 by INFINI-GRAM MINI. This example belongs to Category 1, where the correct answer presents (though
choices are not in the exact same order).

(b) The original webpage responsible for the contamination.

Figure C.4: MMLU dirty entry example in CC-2025-05. The contamination source is a website containing
multiple-choice question in related fields.
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(a) Left upper: An entry in the SWE-bench benchmark. Right: A document contaminating this entry, retrieved from
CC-2025-05 by INFINI-GRAM MINI. This example is Category 3, where only question appears but not the answer.

(b) The original webpage responsible for the contamination.

Figure C.5: SWE-bench dirty entry example in CC-2025-05. The contamination source is a website record-
ing pull requests for software developing.

129



(a) Left bottom: An entry in the GPQA benchmark. Right: A document contaminating this entry, retrieved from
CC-2025-05 by INFINI-GRAM MINI. This example belongs to Category 3, where only the question appears, not the
answers.

(b) The original webpage responsible for the contamination.

Figure C.6: GPQA dirty entry example in CC-2025-05. The contamination source is a blog post citing a
test set example.
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(a) Left bottom: An entry in the GSM8K benchmark. Right: A document contaminating this entry, retrieved from
CC-2025-05 by INFINI-GRAM MINI. This example is Category 3 because the correct answer is not present.

(b) The original webpage responsible for the contamination.

Figure C.7: GSM8K dirty entry example in CC-2025-05. The contamination source is a HuggingFace
dataset sourcing from GSM8K examples, and is the major source for GSM8K dirty entries. This new
dataset contains erroneous “steps” field and final answer to examine LLM’s ability to identify errors, so the
correct answers do not appear.
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(a) Left bottom: An entry in the BigBenchHard benchmark. Right: A document contaminating this entry, retrieved
from CC-2025-05 by INFINI-GRAM MINI. This example is Category 3 because the correct answer is not present.

(b) The original webpage responsible for the contamination.

Figure C.8: BigBenchHard dirty entry example in CC-2025-05. The contamination source is a Hugging-
Face commit history that list it as few-shot example.
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(a) Left bottom: An entry in the OpenbookQA benchmark. Right: A document contaminating this entry, retrieved
from Pile-train by INFINI-GRAM MINI. This example is Category 2 where the correct answer appears in natural
language.

(b) The original webpage responsible for the contamination.

Figure C.9: OpenbookQA dirty entry example in Pile-train. The contamination source is a paper citing an
example from OpenbookQA benchmark.
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Figure C.10: Upper: A screenshot of our online Benchmark Contamination Bulletin. Lower: We invite
the community to add new benchmarks or upload new ones for contamination analysis, which will be added
to the bulletin.
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