

2 OLMo Framework

2023). Falcon’s pretraining data was partially released (Almazrouei et al., 2023), and the most open models—the Pythia suite (Biderman et al., 2023) and BLOOM (BigScience et al., 2022)—released training code, model checkpoints, data, and more. With OLMo, we release the whole framework from data to training to evaluation tools: multiple training checkpoints across multiple hardware types, training logs, and exact datasets used, with a permissive license. We are not the only team to do this; recent work from LLM360 targets similar goals (Liu et al., 2023). OLMo narrows the gap from their models to state-of-the-art capabilities of models like Llama 2. This project has benefited from lessons learned from all of these previous efforts with their varying degrees of openness, and we believe that a large, diverse population of open models is the best hope for scientific progress on understanding language models and engineering progress on improving their utility. The OLMo framework encompasses the tools and resources required for building and researching language models. For training and modeling, it includes full model weights, training code, training logs, and inference code. The released model includes four variants of our language model at the 7B scale corresponding to different architectures, optimizers, and training hardware, and one model at the 1B scale, all trained on at least 2T tokens. We also release hundreds of intermediate checkpoints available as revisions on HuggingFace. For dataset building and analysis, the full training data used for these models is openly available (Dolma; Soldaini et al., 2024), including code that produces the training data, and tools for analyzing pretraining data (Elazar et al., 2024). For evaluation, we build on Catwalk (Groeneveld et al., 2023) for downstream evaluation and Paloma (Magnusson et al., 2023) for perplexity-based evaluation. For adaptation, we use Open Instruct (Ivison et al., 2023; Wang et al., 2023) to train with instruction and feedback data. Finally, all code and weights are released under the
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Apache 2.0 License. With this release, we hope to catalyze research into as-yet poorly understood aspects of these models, for example, the relationship between pretraining data and model capabilities, the impact of design and hyperparameter choices, and various optimization methods and their impact on model training. In addition, we report on the lessons learned

https://allenai.org/olmo

and important details necessary to successfully train language models at this scale.




2 OLMo Framework

This section describes the OLMo framework, consisting of the OLMo models (Section 2.1), our pretraining dataset, Dolma (Section 2.2), and our evaluation framework (Section 2.4).




2.1 OLMo Model and Architecture

We adopt a decoder-only transformer architecture based on (Vaswani et al., 2017), and deliver 1B and 7B variants as described in Table 1. Our specific architecture includes several improvements over the vanilla transformer from (Vaswani et al., 2017) following other recent large language models like PaLM (Chowdhery et al., 2022), the LLaMA family (Touvron et al., 2023a,b), OpenLM (Gururangan et al., 2023), and Falcon (Almazrouei et al., 2023). See Table 5 in Appendix A for a comprehensive comparison of our 7B architecture to the similarly-sized models from these other families. We generally select hyperparameters by optimizing for training throughput on our hardware while minimizing the risk of loss spikes and slow divergence. We ablate choices through our in-loop evaluation setting, given available computational sources (Section 2.4). Our main changes over the vanilla transformer architecture can be summarized as follows:

1. No biases. Following LLaMA, PaLM, and oth

ers, we exclude all bias terms from our architecture in order to improve training stability.

2. Non-parametric layer norm. We use the non

parametric formulation of layer norm (Ba et al., 2016) in which there is no affine transformation within the norm, i.e., no “adaptive gain" (or bias). We believe this was the safest option and it was also the fastest compared to the other variants we considered: parametric layer norm and RMSNorm (Zhang and Sennrich, 2019).

3. SwiGLU activation function. Like LLaMA,

PaLM, and others we use the SwiGLU activation function (Shazeer, 2020) instead of ReLU, and following LLaMA the activation hidden size is approximately8 d, but increased to the closest
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multiple of 128 (e.g. 11,008 for our 7B model)
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to improve throughput.



2 Since SwiGLU is a “gated" activation function, the output




Size

1B 7B

16 32

2048 4086

H

16 32




Tokens

2T 2.46T




Peak LR

4.0E-4 3.0E-4




Warmup

2000 steps 5000 steps




Weight Tying

yes no




Batch size

∼4M ∼4M

Table 1: OLMo model sizes, number of training tokens, and optimizer settings. In all runs, the optimizer was AdamW, with betas of 0.9 and 0.95, and an epsilon of 1.0E-5. L is number of layers, D is hidden dimension, H is number of attention heads, WD is weight decay.




4. Rotary positional embeddings (RoPE). Like

LLaMA, PaLM, and others we replace absolute positional embeddings with rotary positional embeddings (RoPE; Su et al., 2021).

5. Vocabulary. We use a modified version of

the BPE-based tokenizer from GPT-NeoX-20B (Black et al., 2022) with additional tokens for masking personal identifiable information (PII). The final vocabulary size is 50,280. However, to maximize training throughput we increase the size of the corresponding embedding matrix in our model to 50,304 to be a multiple of 128.




2.2 Pretraining Data: Dolma

Despite progress in access to model parameters, pretraining datasets are still not as open. Pretraining data are often not released alongside open models (let alone closed models) and documentation about such data is often lacking in detail that would be needed to reproduce or fully understand the work. This has made it difficult to support certain threads of language model research, such as understanding how training data impacts model capabilities and limitations. To facilitate open research on language model pretraining, we built and released our pretraining dataset, Dolma—a diverse, multisource corpus containing trillions of tokens across billions of documents acquired from different data sources that are (1) commonly seen in large-scale language model pretraining and (2) accessible to the general public (Soldaini et al., 2024). Table 2 provides a high-level overview of the amount of data from each source. Dolma is built using a pipeline of (1) language filtering, (2) quality filtering, (3) content filtering, (4) deduplication, (5) multi-source mixing, and (6) tokenization. We refer the reader to the Dolma report (Soldaini et al., 2024) for more details about its design principles, details about its construction, and a more detailed summary of its contents. The

is half the size of the input. So technically our inputs to SwiGLU have a dimensionality of 2 × 11,008 = 22,016 for our 7B model.

UTF-8

Docs Tokens Source Type bytes

(millions) (billions) (GB)

Common Crawl web pages 9,812 GitHub code 1,043 Reddit social media 339 Semantic Scholar papers 268 Project Gutenberg books 20.4 Wikipedia encyclopedic 16.2

Total 11,519

3,734 210 377 38.8 0.056 6.2

4,367

2,180 342 80 57 5.2 3.7

2,668

Table 2: Composition of Dolma. Tokens counts are based on the GPT-NeoX tokenizer.

report provides additional analyses and experimental results from training language models on intermediate states of Dolma to share what we learned about important data curation practices, including the role of content or quality filters, deduplication, and mixing data from multiple sources. We keep documents from each source separate, both during curation as well as in the final release. We opensourced our high-performance data curation tools; this toolkit can be used to further experiment on Dolma, reproduce our work, and enable fast and easy curation of pretraining corpora. Finally, we also open-sourced our WIMBD tool (Elazar et al., 2024) to help with dataset analysis.




2.3 Adaptation

Pretrained models are not always used as-is, but rather further finetuned to improve their performance, safety, and usability. Often models are first trained to follow instructions (Mishra et al., 2022; Wei et al., 2022; Sanh et al., 2022), and then further trained on human preferences (Ouyang et al., 2022) to improve the quality of their generations. We showcase the efficacy of using OLMo as a base model for further fine-tuning by training OLMo to be a general chat assistant following the TÜLU data and training setup (Ivison et al., 2023). This involves first performing instruction finetuning with a mixture of distilled and human-written instruction data and then further aligning the model with
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