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Figure 1: The Amazon Nova family of models

Abstract

We present Amazon Nova, a new generation of state-of-the-art foundation models that deliver
frontier intelligence and industry-leading price performance. Amazon Nova Pro is a highly-capable
multimodal model with the best combination of accuracy, speed, and cost for a wide range of
tasks. Amazon Nova Lite is a low-cost multimodal model that is lightning fast for processing
images, video, documents and text. Amazon Nova Micro is a text-only model that delivers our
lowest-latency responses at very low cost. Amazon Nova Canvas is an image generation model that
creates professional grade images with rich customization controls. Amazon Nova Reel is a video
generation model offering high-quality outputs, customization, and motion control. Our models
were built responsibly and with a commitment to customer trust, security, and reliability. We report
benchmarking results for core capabilities, agentic performance, long context, functional adaptation,
runtime performance, and human evaluation.
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1 Introduction

This document introduces Amazon Nova, a new generation of state-of-the-art foundation models that deliver frontier
intelligence and industry-leading price performance.

1.1 Amazon Nova Pro, Lite, and Micro

Key capabilities of Amazon Nova Pro, Lite, and Micro include:

« Frontier intelligence: Amazon Nova models possess frontier intelligence, enabling them to understand and
process complex language tasks with state-of-the-art accuracy. Amazon Nova Micro sets new standards in
its intelligence tier in several text benchmarks such as Language Understanding (MMLU), Deep Reasoning
(GPQA), Mathematics (MATH), and Multi-step Reasoning (Big-Bench Hard). Our multimodal models,
Amazon Nova Pro and Lite, take text, images, documents, and video as input and generate text as output.
These models set standards in several benchmarks such as Video Captioning (VATEX), Visual QA (TextVQA),
Function Calling (BFCL), and multimodal agentic benchmarks (GroundUI-1K, VisualWebBench, Mind2Web)
in their respective intelligence tiers. These models are the first to offer video understanding capabilities on
Amazon Bedrock, enabling deeper insights from multimedia content.

* Speed: Amazon Nova has been designed for fast inference, with Amazon Micro, Lite, and Pro each being one
of the fastest models in their respective intelligence tiers.

 Agentic Workflows: Amazon Nova Pro, Lite, and Micro can power Al agents capable of breaking down
and executing multi-step tasks. These models are integrated with Bedrock Knowledge Bases and they excel
at retrieval-augmented generation (RAG) to ensure the best accuracy by grounding their responses to the
developer’s data.

 Customizability: Developers can fine-tune these models with multimodal data (Pro and Lite) or text data (Pro,
Lite, and Micro), providing the flexibility to achieve desired accuracy, latency, and cost. Developers can also
run self-service Custom Fine-Tuning (CFT) and distillation of larger models to smaller ones via Bedrock APIs.

* Price-Performance: Each model was optimized to deliver exceptional price-performance value, offering
state-of-the-art performance on key benchmarks at low cost.

Amazon Nova Pro, Lite, and Micro are based on the Transformer architecture [74]. Each model went through a series
of training processes that began with pretraining using a mixture of large amounts of multilingual and multimodal
data. Our models were trained on data from a variety of sources, including licensed data, proprietary data, open source
datasets, and publicly available data where appropriate. We curated data from over 200 languages, with particular
emphasis on Arabic, Dutch, English, French, German, Hebrew, Hindi, Italian, Japanese, Korean, Portuguese, Russian,
Simplified Chinese, Spanish, and Turkish. After pretraining, models iteratively went through a series of fine-tuning
stages, including Supervised Fine-Tuning (SFT) on instruction-demonstration pairs (including multimodal ones) and
reward model (RM) training from human preference data [59]. Finally, the models learned from human preferences via
methods like Direct Preference Optimization (DPO) [62] and Proximal Policy Optimization (PPO) [68] to ensure that
the final models are aligned with human preferences in both quality and responsibility.

1.2 Amazon Nova Canvas and Reel

Amazon Nova Canvas and Amazon Nova Reel are designed to create realistic multimodal content, including images
and videos, for a wide range of applications such as advertising, marketing, and entertainment.

Amazon Nova Canvas offers the following functionalities, with more details provided in Appendix A:

« Text-to-image generation: Amazon Nova Canvas can generate images with various resolutions (from 512 up to
2K horizontal resolution) and aspect ratios (any aspect ratio between 1:4 and 4:1 with a maximum of 4.2M
pixels). Customers can provide reference images to guide the model to generate outputs in a specific style or
color palette, or to generate variations of an image.

* Image editing: Amazon Nova Canvas allows precise image editing operations like inpainting and outpainting
through natural language mask prompts. These mask prompts describe the specific area of the input image that
needs to be repainted. The user can also easily change a background with the background removal feature,
leaving the subject of the image unchanged.
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Amazon Nova Reel offers the following functionalities:

 Generate videos from a text prompt: Amazon Nova Reel can generate high-quality videos of 6-second duration
(720p resolution at 24 frames per second) from a text prompt.

» Generate videos from a reference image and a prompt: Amazon Nova Reel brings images to motion and
generates videos that are guided by the input image and a text prompt.

» Camera motion control using a text prompt: With camera motion control in Amazon Nova Reel, the user can
guide camera motion with text prompts like “zoom” and “dolly forward” to get the exact visual needed for
each video. Amazon Nova Reel supports more than 20 camera motions. For more details, please refer to our
prompting guide'.

Amazon Nova Canvas and Reel are latent diffusion models [61] where a Variational AutoEncoder (VAE) [41] maps
the image or video frames to latent variables on which the diffusion process happens. A text encoder tokenizes input
text prompts into tokens which are then passed to the diffusion model as a conditioning signal. At inference time, a
latent variable is initialized with random noise sampled from a Gaussian distribution, which is then denoised by the
trained diffusion model iteratively into a clean latent variable. The clean latent variable is decoded back to images or
video frames by the decoder of the VAE. Both models underwent a two-phased approach of pretraining and fine-tuning.
Pretraining data were sourced from a variety of sources, including licensed data, proprietary data, open source datasets,
and publicly available data where appropriate. Our highly scalable data filtering, deduplication, and enrichment
pipelines were based on AWS EMR [2] and AWS Batch [ 1], as well as other AWS services.

'https://docs.aws.amazon.com/nova/ latest/userguide
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2 Amazon Nova Pro, Lite, and Micro Evaluations

In this section, we report benchmarking results for Amazon Nova models and for select publicly-available models,
including by citing existing public results and by measuring their performaroecases for which the result is a
simple average of binary scores, we assume a Gaussian distribution for the sample and approximate the 95% con dence

interval as:

r——..
S (1 S)

CI(S)=1:96
(S) S

@

whereCl is the 95% con dence interva§ is the measured score for the benchmark, ldnid the sample size!B, 45].

2.1 Core capability public benchmarks

We evaluate Amazon Nova models on a suite of automated public benchmarks to assess core capabilities, including for
both text-only (Section 2.1.1) and multimodal (Section 2.1.2) use cases.

2.1.1 Core capability text benchmarks and results

We evaluate select core capabilities of Amazon Nova models on a variety of public text-only benchmarks, spanning
general knowledge, reasoning, language understanding, multilinguality, and instruction following.

The following list brie y describes our selected text-only benchmarks. The prompts used for evaluation of each
benchmark are summarized in Appendix B.1.

MMLU [ 36]: Massive Multitask Language Understanding (MMLU) is a multiple-choice question answering
benchmark that covers 57 subject areas across STEM, humanities, and social sciences. Subjects include law,
physics, mathematics, computer science, history, and more. The dif culty levels vary from elementary level to
advanced professional level, focusing on both world knowledge and problem solving abilities. We use 0-shot
Chain-of-Thought (CoT) 9] for prompting and report the macro average exact match accuracy across all
subjects.

ARC-C [22]: The Al2's Reasoning Challenge (ARC) is a multiple-choice question-answering dataset, which
contains science questions from grade 3 to grade 9 exams. We use 0-shot CoT for prompting and report exact
match accuracy.

DROP [2€]: Discrete Reasoning Over Paragraphs (DROP) is a crowdsourced reading comprehension dataset
that requires reasoning and operating over multiple input positions from the reference text. We use 0-shot CoT
for prompting and report f1 score.

GPQA [64]: Graduate-level Google-Proof Question and Answering (GPQA) is a challenging and high-quality
multiple-choice question answering benchmark written by domain experts who have or are pursuing PhDs in
biology, physics, and chemistry. We use 0-shot CoT for prompting and report exact match accuracy on the
main set.

MATH [ 37]: MATH is a mathematics problem solving benchmark, consisting of problems from mathematics
competitions including the American Mathematics Competitions (AMC 10 and AMC 12), the American
Invitational Mathematics Examination (AIME) and more. We use 0-shot CoT for prompting and report the
exact match accuracy on the MATH5K set.

GSMB8K [23]: Grade School Math 8K (GSM8K) is a math benchmark consisting of 8,500 high-quality and
diverse grade school math problems. The benchmark tests basic mathematical problem solving capabilities,
requiring multi-step reasoning. We use 0-shot CoT for prompting and report the exact match accuracy on the
test set containing 1,319 samples.

IFEval [89]: IFeval is an instruction-following benchmark, which evaluates a model's capability of following
‘veri able instructions” such as “mention the keyword of Al at least 3 times”. The dataset contains 25 types of
veri able instructions and in total 541 prompts, where each prompt contains one or more veri able instructions
in natural language. We report the instruction-level accuracy under loose constraints.

BBH [72]: Big Bench Hard (BBH) is a diverse benchmark consisting of an aggregate of 23 diverse subjects that
cover algorithmic and NLP tasks ranging from casual logic tasks to word sorting and movie recommendations.
The tasks are both multiple choice and open generation tasks. We report the macro average exact match
accuracy across the subjects.

2Results measured internally by Amazon for evaluation purposes after Amazon Nova models completed training using (i) the
Bedrock API for Claude and Meta models or (ii) the OpenAl API or Gemini API, as applicable.
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MMLU ARC-C DROP GPQA MATH GSM8k IFEval BBH
instruction-
tok/ level
sec accuracy accuracy F1-score accuracy accuracy accuracy | oo accuracy
accuracy
Nova Pro 100 859 94.8 85.4 46.9 76.6 94.8 92.1 86.9
1:3 0:7 4:6 1:2 1:2 1:8
Nova Lite 157 805 92.4 80.2 42.0 73.3 94.5 89.7 824
1:5 0:8 4:6 1:2 1:2 2:1
Nova Micro 210 776 90.2 79.3 40.0 69.3 92.3 87.2 795
1:7 0:8 4:5 1:3 1:4 2:3
or oot GF O GE ar e oshe Y
Claude 3.5 Sonnet (Octy 57 g89.3 263 83 5807 /83 965 902 45,
1:1 0:6 4:6 1:1 1.0 2:0
Claude 3.5 Haiku 64 go3 09 81 375 694 938  8I g4
1.6 0:8 4:5 1:3 1:3 2:4
Oésohlf)t 25-shot 3-shot OéSo';?t Oés()l?t Oésohl?t 0-shot Bé%Tt
M
Gemini 1.5 Pro (002) 58 gsg o>4 /49 5510865 908 9L g4,
1:2 0:9 4:6 0:9 1:6 1:9
M
Gemini 1.5 Flash (002) 190 789 43 784 4510 779 862 9LE  g5g
1:3 0:8 4:6 1:2 1:9 1:9
M M
Gemini 1.5 Flash 8B (001) 283 681 oo/ 681 335 587 845 861" 49
1:8 0:9 4:4 1:4 2:0 2:3
5-shot 25-shot 3-shot 0-shot 4-shot 11-shot 0-shot 3-shot
GPT-40 163 88.7 96.2' 83.4 48.4" 76.6 92.6" 89.8 83.0'
1:1 0:7 4:6 1:2 1:4 2:1
GPT-40 Mini 113 82.0 92.3 79.7 41,7 70.2 86.4" 87.4 810"
1.5 0:8 4:6 1:3 1:8 2:3
0-shot 25-shot 3-shot 0-shot Oés’:)l?t O(':sohl?t 0-shot 3-shot
Llama 3.2 90B 40 86.0 94.8 ) 46.7 68.0 95.1 90.9 )
1:3 4:6 1:3 1:2 2:0
Liama 3.2 11B 14 730 834 ) 328 519 845 850
2:1 4:3 1:4 2:0 2:4
Llama 3.1 8B 157 73.0 83.4 ) 30.4 51.9 84.5 85.0 )
2:1 4:3 1:4 2:0 2:4
O(':Sohlf)t 25-shot - 0-shot O(':sohlfjt 8(-:soh_|9t

Table 1: Quantitative results on core capability benchmarks (MM&@), [ARC-C [22], DROP [26], GPQA [64],

MATH [37]), GSM8K [23], IFEval [89] and BigBench-Hard (BBH){2]). Unless otherwise noted, all reference
numbers are taken from the original technical reports and websites for Claude niggél§[GPT4 models$8, 57],

Llama models 45] and Gemini modelsd7]. Results marked wittw were measured by @is Claude numbers for

IFEval (taken from [4]) are marked with an asterisk)( as the scoring methodology is unspeci ed in the report.
Token generation speed in tokens per second (tok/sec), the inverse of per-token generation latency, is reproduced from
Section 2.5.
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Table 1 summarizes the quantitative results of Nova models and select public models on the aforementioned benchmarks
for core capabilities. When available, we reference the highest publicly-reported numbers for each benchmark from the
of cial technical reports and websites for Claude, Gemini, OpenAl and Llama family of models. Amazon Nova Pro,
Lite, and Micro demonstrate strong performance across all benchmarks, showcasing their advanced core intelligence,
particularly Amazon Nova Micro and Lite on math, reasoning, and instruction following benchmarks.

We also evaluate the translation capabilities of Nova models. Floreg2084 35], or simply Flores, is a machine
translation benchmark consisting of translations from 842 distinct web articles, which tests the translation capabilities
between English and non-English languages. Sentences are 21 words long on average. We use a 0-shot setup and
report the macro average of two metrics, spBleu and COMET22 s68fagross a set of languages (Arabic, German,
Spanish, French, Hindi, Italian, Japanese, Korean, Portuguese, Hebrew, Turkish, Simpli ed Chinese, Russian, Dutch)
for translation from and into English. The prompts used for evaluation are summarized in Appendix B.1. Table 2
summarizes our quantitative results on Flores, demonstrating strong multilingual performance on translation for Amazon
Nova Pro, Lite, and Micro.

FLORES (0-shot)

en! Setl Setl en
tok/sec spBleu'( COMET22Y() spBleu () COMET22 ()
Nova Pro 100 43.4 89.1 44.4 89.0
Nova Lite 157 415 88.8 43.1 88.8
Nova Micro 210 40.2 88.5 42.6 88.7
Claude 3.5 Sonnet (Oct) 57 42.5' 89.4" 43.5' 89.1"
Claude 3.5 Haiku 64 40.0/ 88.5 40.2 88.3
Gemini 1.5 Pro (002) 57 43.0" 89.1" 45.6" 89.1"
Gemini 1.5 Flash (002) 190 40.0" 88.5" 42.9" 88.8"
Gemini 1.5 Flash 8B (001) 283 38.2" 88.0" 41.4" 88.5"
GPT-40 163 43.1" 89.2" 43.9" 89.0"
GPT-40 Mini 113 41.1" 88.7" 41.9" 88.7
Llama 3.2 90B 40 39.7 88.2 43.7 88.5"
Llama 3.2 11B 124 33.0¢ 85.7 36.3 86.3
Llama 3.1 8B 157 32.7 85.5 36.5" 86.5"

Table 2: Quantitative results on Flores2@@][ a machine translation benchmark. Setl refers to {de, es, fr, it, pt, ja,

ar, hi, ru, nl, tr, he, ko, zh}. Results marked withwere measured by ds Results marked with an asterisk (vere

obtained using an alternate prompt which can be found in Appendix B.1 Token generation speed in tokens per second
(tok/sec), the inverse of per-token generation latency, is reproduced from Section 2.5.

2.1.2 Core capability multimodal benchmarks and results

In this section we evaluate the multimodal capabilities of Amazon Nova models on a diverse set of public benchmarks.
Our selection of multimodal benchmarks aims to probe for various capabilities, including natural image understanding,
document understanding with charts and graphs, text understanding, and temporal reasoning in videos. For all
benchmarks, we follow the suggested metrics and choice of data split for evaluation. The following list brie y describes
the selected benchmarks.

* MMMU [ 85]: The Massive Multi-discipline Multimodal Understanding benchmark consists of college-level
multiple-choice and open-ended questions from 30 different disciplines. We use Chain-of-Thought (CoT)
prompting for this benchmark and report accuracy.

» ChartQA B0): The 2,500 questions of this benchmark cover three different types of charts (bar, line and pie)
and require strong visual, logical, and arithmetical reasoning capabilities. We evaluate on the test set and
report relaxed accuracy.

» DocVQA [51]: This benchmark probes capabilities on document analysis and recognition, including Optical
Character Recognition (OCR). The 5,349 questions contain images from a diverse set of documents, ranging



The Amazon Nova Family of Models

P T S SN

val test test val test test

tsoeké accuracy z;(?éi);ggy ANLS \;\'fc'gr;(zs CIDEr accuracy

Amazon Nova Pro 100 61.7 32 89.2 12 93.5 81.5 77.8 72.15:4

Amazon Nova Lite 157 56.2 3:2 86.8 1:3 92.4 80.2 77.8 71.45:4
Claude 3.5 Sonnet (Oct) 57 70.4 3.0 90.8 11 94.2 61.7 - -
Claude 3 Haiku 64 50.2 33 82.0 15 88.8 - - -

Gemini 1.5 Pro (001) 58 659 31 87.2 13 93.1° 78.7 64.6 72.2 54

Gemini 1.5 Flash (001) 190 62.3 32°% 854 14 89.9° 78.7 57.1 65.7 5:7
Gemini 1.5 Flash 8B (001) 283 53.7 33" 78.2 1:6° 73.6 66.7 53.2 -

GPT-40 (May) 69.1 3.0 85.7 14 92.8 77.2M - 72.2 54
GPT-40 Mini (Jul) 113 59.4 3:2 79.2 16" - 70.3 - -
Llama 3.2 90B 40 60.3 3:2 85.5 14 90.1 80.7 - -
Llama 3.2 11B 124 50.7 3:3 834 15 88.4 71.8 - -

Table 3: Quantitative results on four image understanding benchmarks (MM UGhartQA [50], DocVQA [51],
TextVQA [70]) and 2 video understanding benchmarks (VATEX][and EgoSchemalp]). Higher numbers are better

for all benchmarks"(). Unless otherwise noted, all evaluations are 0-shot and reference numbers are taken from the
original technical reports and websites for Claude models12], GPT4 models$6, 55, Llama models{5, 53] and

Gemini models 32, 33]. Remarks: £) 4-shot evaluation;g) External Optical Character Recognition (OCR) was used;

(c) All models except Amazon Nova use Cob) GPT-40 (Nov); €) Gemini 1.5 Flash/Pro (002) models) Reported

in [33]; (c) Reported in{]; (m) Claude 3.5 Sonnet and Llama 3.2 results for TextVQA as well as GPT40 and GPT40
mini results on ChartQA, TextVQA and VATEX were measured by lisken generation speed in tokens per second
(tok/sec), the inverse of per-token generation latency, is reproduced from Section 2.5.

from 1940 to 2020 and covering multiple industries. We report Average Normalized Levenshtein Similarity
(ANLS).

TextVQA [70]: The 5,000 samples of this dataset focus speci cally on text-reading capabilities (OCR) in
natural images. We report weighted accuracy on the validation set.

VATEX [ 78]: This video captioning benchmark covers a diverse set of human activities. We evaluate on
the public test set containing videos with a length of around 10 seconds. The CIB)Ecre is used for
evaluation.

EgoSchemad9): The unique characteristic of this long-form video question answering benchmark is its high
“certi cate length” [15], which is, loosely speaking, the time it takes a human to verify the video description.
The videos cover a broad range of natural human activities and come with human-curated multiple-choice
question-answer pairs.

Table 3 summarizes our quantitative results on multiple image and video understanding benchmarks. Amazon Nova
Pro and Lite achieve high scores across all benchmarks. Chart understanding on ChartQA and video understanding on
VATEX stand out, where Nova models rank either rst or second. We provide the prompt templates for all benchmarks

in Appendix B.2, as well as qualitative examples in Appendix C.

2.2 Agentic work ows

Amazon Nova Pro, Lite, and Micro models can be used as agents. An agent considers a suite of tools and APIs, reasons
about the user's request and past conversational history, chooses if a tool should be used and, if so, decides which tool
to use, invokes the tool, assesses the outcome from the tool, and then communicates back with&agarsen] 60].

To this end, we evaluated our Nova models on agentic work ows that require textual understanding and visual reasoning.
For textual understanding (Section 2.2.1), we used the Berkeley Function Calling Leaderboard benchmark to test our
models' capabilities in function calling and orchestrating real-world applications. For visual reasoning (Section 2.2.2),
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we evaluate on three benchmarks that require image understanding capabilities for correct function calling. We highlight
that both Amazon Nova Pro and Lite models set a new state of the art on these challenging benchmarks.

2.2.1 Agentic text benchmarks and results

Table 4 presents quantitative results on the Berkeley Function Calling Leaderboard v3 (BE@h)ming from the

Gorilla project p(], the revamped BFCL{1] benchmark evaluates a model's ability to accurately call and utilize
real-world functions, or tools, based on a user's natural language request. Amazon Nova models particularly excel in
the Abstract Syntax Tree (AST), Execution, and Relevance metrics, as well as overall scores versus comparable models.
Amazon Nova Lite and Micro also had the lowest latency of the selected models.

In Table 4, AST measures the exact match function calling performance of the model when comparing function names
and argument/value signatures to a human-curated ground truth. While AST allows for some soft matching based
on manually-de ned, permitted argument values (e.g., different date formats), Execution measures a function call's
accuracy not by the call signature itself, but by comparing the return value of the call when executed against a real API.

To measure the rate of hallucination, Irrelevance measures the model's ability to recognize that it does not have the
appropriate functions available to help the user, and should therefore not call any. Relevance, as the opposite of
irrelevance, measures the model's ability to recognize it indeed does have the functions necessary to help the user (but
does not verify function signature accuracy). For both metrics, higher numbers are better.

Overall Latency Non-Live Live '\.I/.lgrlﬂ' Hallucination
accuracy seconds AST execution overall overall  relevance irrelevance
) # ) ") ") ) ") )

Nova Pro 68.4 1.0 90.1 89.8 71.5 451 95.1 65.1
Nova Lite 66.6 0.6 87.5 86.4 66.0 50.3 97.6 49.1
Nova Micro 56.2 0.5 87.2 89.7 67.4 15.5 87.8 57.6
Claude Sonnet 3.5 (Jun) 61.3 3.9 70.0 66.3 74.7 40.0 68.3 74.6
Claude Haiku 3 40.4 15 41.7 47.5 57.7 20.6 97.6 29.4
Gemini 1.5 Pro (002) 59.8 3.0 88.0 91.4 74.3 16.3 75.6 75.1
Gemini 1.5 Flash (002) 55.3 1.1 79.7 80.6 73.2 12.5 78.1 75.7
Llama 3.2 90B 54.3 N/A 88.9 89.3 61.1 14.3 92.7 58.4
Llama 3.2 11B 49.9 N/A 83.6 87.3 57.9 10.5 78.1 41.6
GPT-40 (Aug) 68.9 15 85.9 85.6 75.4 45.3 63.4 82.9
GPT-40-mini (Jul) 60.7 1.6 84.3 84.1 70.2 28.3 80.5 71.8

Table 4: Results on the Berkeley Function Calling Leaderboard (BFCL) v3 as of the Nov 17th, 2024 update. We include
the latest versions of the models available on the leaderboard at that4)riée (ise leaderboard results for Llama 3.1
8B and 70B for Llama 3.2 11B and 90B, respectively, given the shared text LLM.

2.2.2 Agentic multimodal benchmarks and results

The Amazon Nova Pro and Lite models provide native support for multimodal inputs, including agentic work ows. In

this section, we present results from our models on three different benchmarks that require agents to navigate websites
to solve real-world tasks. Websites are typically represented as screenshots in these datasets to correctly convey all style
elements and visual data as rendered in a standard web browser.

« VisualWebBench43]: This benchmark includes seven core tasks related to web browsing, including captioning,
question answering, OCR, action prediction, and grounding. All models are evaluated on 1,536 samples that
span more than 100 websites from 12 domains. The nal metric is the average over different metrics for the
individual core tasks.

3BFCL is a fast-moving, live benchmark. We report results using the state of the repository and website leaderboard as of Nov
17th, 2024 (commit 8226d).
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 MM-Mind2Web [8€]: This extension of the original Mind2Wel2{] benchmark links samples with the
original website screenshots, making it multimodal. An agent needs to select an element and pick one of three
elementary actions (click, type, or select) alongside a value for some actions. We report micro average over
the per-sample step accuracy, where an agent is successful only if element and action selection, as well as the
predicted value, are correct.

* GroundUI-1K B7]: This benchmark is composed of multiple existing datasets, including Mind2¥&b [
and repurposes them as a grounding task. On 1,000 samples for evaluation, a multimodal agent is given an
instruction and a screenshot of a website from a wide variety of domains and asked to predict the 2D location
of the desired Ul element. The agent is correct if its predicted 2D location is within the ground truth bounding
box.

Table 5 shows the results of our models on multimodal agent work ows along with other publicly-reported results.
Both Amazon Nova models, Lite and Pro, demonstrate strong visual reasoning and agentic capabilities and achieve
high scores on all three benchmarks.

VisualWebBench MM-Mind2Web GroundUI-1K

composite step accuracy accuracy

Nova Pro 79.7 63.7 81.4
Nova Lite 77.7 60.7 80.2
Claude 3.5 Sonnet (Oct) 76.7 61.6" 16.3
GPT-40 (Nov) 77.8 55.0" 13.#
GPT-40 Mini (Jul) 71.3 58.8" 7.2
GPT-4 (Apr) 64.6 36.8 -
Gemini 1.5 Pro (002) 76"4 58.4" 35.2
Gemini 1.5 Flash (002) 761 46.2' 59.9
Gemini 1.0 Pro (001) 48.0 17.9 -
Llama 3.2 90B 732 21.6" 8.3"
Llama 3.2 11B 65.1 22.1 3.7

Table 5: Quantitative results on three multi-modal agentic benchmarks: VisualWebBehdWil1-Mind2Web [36]

and GroundUI-1K §7]. Reference numbers are taken from the corresponding benchmark p&peis, B7] and
leaderboardd]. Remarks: £) uses in-context learning (ICL) (please note that Amazon Nova models do not need to rely
on in-context examples)sY Gemini 1.5 Pro (001);d) GPT-40 (May); 6) Macro average over individual metrics)(
Measured by us.

2.3 Long context

We evaluate Amazon Nova Pro, Lite, and Micro on tasks that require the models to understand and reason over long
context. These skills are crucial for tasks such as long multi-turn conversations, reasoning over long lists of retrieved

documents, or understanding long videos. Amazon Nova Micro, Lite, and Pro models support context lengths of

128k, 300k, and 300k tokens, respectively. We used the following benchmarks to evaluate our models' long context

performance:

» Text Needle-in-a-Haystack (NIAH): Following!{], we assessed each model's ability to locate speci c
information (the “needle”) within extensive contexts (the “haystack”). This “needle-in-a-haystack” test
evaluates the model's performance on context lengths starting at 32k, allowing us to measure its ability to
accurately retrieve information across varying lengths of input context.

* SQUALITY [76] (ZeroScrolls Benchmarksp]): Focused on query-based summarization of literary stories,
this task evaluates the model's capacity to generate relevant summaries from large contexts.

» LVBench [77]: This multimodal benchmark includes questions about YouTube videas various domains

such as TV series, sports, broadcasts, and surveillance footage. The LVBench dataset consists of 99 videos and
1,549 questions, covering six different types of tasks such as reasoning, event understanding and summarization.

“https://huggingface.co/datasets/AlWinter/LVBench
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Figure 2: Text Needle-in-a-Haystack recall performance for Nova Micro (up-to 128k), Nova Lite (up-to 300k) and
Nova Pro (up-to 300k) models.

SQUALITY LVBench
ROUGE-L accuracy

Nova Pro 19.8 8:7 41.6 25
Nova Lite 19.2 86 40.4 24
Nova Micro 18.8 86 -
Claude 3.5 Sonnet (Jun) 13.4:5 -
Gemini 1.5 Pro (001) - 33.123
Gemini 1.5 Pro (002) 19.18:6 " -
Gemini 1.5 Flash (002) 18.18:4 ™ -
GPT-40 18.8 86 30.8 23
Llama 3 - 70B 16.4 &1 -
Llama 3 - 8B 15.3 7:9 -

Table 6: Text and Multimodal long context performance on SQUALITY (ROUGE-L) and LVBench (Accuracy). For
SQUALITY, measurements for Claude 3.5 Sonnet, GPT-40, Llama 3 70B and Llama 3 8B are taken from the Llama 3
report ¢5]. Gemini results were measured by (). For LVBench, Gemini and GPT-40 numbers were taken from the
corresponding benchmark leaderboard [77].

Results for text and multimodal long context benchmarks are presented in Table 6. In the long video question answering
task, both Amazon Nova Pro and Lite demonstrate robust performance on the LVBench dataset, surpassing other
models. Amazon Nova models consistently demonstrate exceptional performance in retrieving information from any
depth across both text and multimodal understanding use cases, delivering high accuracy and reliability.

2.4 Functional expertise

In addition to core capabilities, foundation models must perform well in particular specialties and domains. Across
our many areas of performance analyses, we have selected four domains for which to present benchmarking results:
Software engineering, nancial analysis, and retrieval-augmented generation. Prompt templates for all benchmarks can
be found in Appendix B.3.
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Software Finance RAG

H“P@;”Oi"a' FinQA CRAG
tsoé(é p%ssgétl agcir;g(t:y accuracy

Nova Pro 100 89.0 4s 77.2 09 50.3 19

Nova Lite 157 85.4 54 73.6 09 43.8 19

Nova Micro 210 81.1 60 65.2 10 43.1 19
Claude 3.5 Sonnet (Oct) 57 93.7 37 77.3 o9 52.6 18"
Claude 3.5 Haiku 64 88.1 50 73.9 oo™ 31.9 18"
Gemini 1.5 Pro (002) 58 87.8 50" 74.4 o9 48.9 1.9M
Gemini 1.5 Flash (002) 190 81.1 60" 735 10" 42.4 1.9M
Gemini 1.5 Flash 8B (001) 283 81.1 60" 63.7 10" 37.7 18"
GPT-40 163 90.2 46 71.1 1:.0M 52.0 19"
GPT-40 Mini 113 87.2 51 70.6 10" 499 1.9M
Llama 3.2 90B 40 80.5 61 72.8 1.0" 452 1:.9M
Llama 3.2 11B 124 72.6 68 60.8 11" 42.2 1:9M
Llama 3.1 8B 157 72.6 68 61.2 10" 42.2 1:8™

Table 7: Performance on select functional benchmarks, including software engineering benchmarks in Python with
HumanEval 9], nancial reasoning with FinQAZ0], and retrieval augmented generation with CRAG][ CRAG uses

our scoring method described in Section 2.4.3. Where available, reference numbers are taken from the corresponding
benchmark papers and technical repoits [L1, 32, 39, 45, 58]. Additional results were measured)(y us’. Model

speed in tokens per second (Tok/Sec) is reproduced from section 2.5.

2.4.1 Software engineering

We assessed Amazon Nova's code generation capabilities on the Python coding task HumiaijEVaE[bench-

mark contains 164 original programming problems with unit tests. These problems assess language comprehension,
algorithms, and simple mathematics. Some problems are comparable to simple software interview questions. Table 7
provides the performance of our Nova models and select public models.

2.4.2 Financial analysis

We use FinQA P0] to evaluate Amazon Nova's ability to understand nancial data. FinQA is an expert-annotated
dataset comprising 8,281 nancial question-answer pairs derived from the earnings reports of S&P 500 companies. It
evaluates a model's ability to extract information from both tables and unstructured text, while accurately performing
calculations using relevant nancial knowledge. We report the average post-rounding accuracy under the 0-shot CoT
setting. Table 7 provides the performance of Amazon Nova models and select public models on FinQA.

2.4.3 Retrieval augmented generation

We evaluate RAG capabilities on the CRA&] benchmark using the Task 1 setup, which considers ve pre-selected
HTML pages as external knowledge to each input question. We extract top-20 text snippets from these pages following
the standard retrieval approach used in CRAG's of cial repository, whereby pages are rst cleaned using BeautifulSoup
to remove HTML tags, after which the text is then split into sentences or chunks no longer than 1000 characters.
These are then encoded using sieatence-transformers/all-MiniLM-L6-v@odel, which is also used to encode the
guestion. The top 20 chunks with highest similarity are passed as context in the input for model inference. We report
the percentage of correct responses as judged by an gipk4-turbo-2024-04-09Q which compares each model's
answer with the expected answer using the prompt shown in Appendix B.3.2. Table 7 provides the performance of
Amazon Nova models and selected public models on a combined validation and test set of 2,706 examples.

12



The Amazon Nova Family of Models

2.5 Runtime performance

We evaluate the runtime performance of Amazon Nova models using three metrics: Time to First Token (TTFT), Output
Tokens per Second (OTPS) and Total Response Time. TTFT is measured as the time, in seconds, it takes to receive the
rst token from the model after an API request is sent. OTPS is measured as the number of tokens generated per second
(tok/sec). It is the rate at which a model produces subsequent output tokens after the rst token, re ecting overall
throughput and ef ciency during inference. Total Response Time measures the total duration in seconds from the

submission of the input prompt to the end of generation sequence for a given input-output prompt length. It represents
the overall user experience for a model.

In Figure 3, we show TTFT, OTPS, and Total Response Time using 1000 tokens of input and 100 tokens of output
for Amazon Nova models and select public models as reported by Arti cial Andlyaisindependent entity that
benchmarks Al models and hosting providers. Amazon Nova Micro, Lite and Pro models are among the fastest models
in their respective intelligence tiers. Together, all three Amazon Nova models demonstrate state-of-the-art runtime
performance, ensuring a smooth and responsive user experience in many real world use cases.

Shttps://artificialanalysis.ai/methodology
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Figure 3: Time to First Tokerdj, Output Tokens per Secontl)( and Total Response Tim#)(using 1,000 tokens of
input and 100 tokens of output for Amazon Nova models and select publicly-available models (Arti cial Analysis, Nov
29th, 2024).
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3 Amazon Nova Canvas Evaluation

Amazon Nova Canvas is a diffusion model that takes a text prompt and an optional RGB image as input and generates
an image as an output conditioned on the input text and optional image. lllustrative examples of the images generated
by Amazon Nova Canvas can be found in our Amazon Science blog psthis section, we provide details on the
evaluation strategy and performance of the model both in terms of automated metrics and human evaluation.

3.1 Automated metrics
We use ImageReward [80] and Text-to-Image Faithfulness (TIFA) [38] as automated metrics.

* ImageReward score is generated from a standardized reward model that aligns human preference with the
predicted score. To compute the ImageReward score, we randomly sample 10k prompts from MSCOCO-
2014 [42] validation set and use this set for calculating the score.

» Text-to-Image Faithfulness (TIFA) score is a reference-free metric that measures the faithfulness of a generated
image to the input text via visual question answering (VQA). The evaluation set for TIFA score is a pre-
selected 4k prompts in the TIFA-v1.0 benchmark, sampled from MSCOCO capiign®fawBench (4],
PartiPrompts [84], and PaintSkill [21] datasets.

We compare Amazon Nova Canvas with other publicly-available models including DALLLE] 3table Diffusion 3
Medium [27], Stable Diffusion 3.5 Large [28] and Flux (Schnell and Pro) [17]. The results are shown in Table 8.

TIFA  ImageReward

Amazon Nova Canvas 0.897 1.250
DALL.E3 0.863 1.052
Stable Diffusion 3.5 Large  0.891 1.082
Stable Diffusion 3 Medium  0.881 0.952
Flux Pro 1.0 0.875 1.075
Flux Schnell 0.882 0.999

Table 8: Comparison of TIFA and ImageReward metrics of Amazon Nova Canvas with other models.

3.2 Human evaluation

We conduct A/B testing to compare Amazon Nova Canvas with other third-party text-to-image models. The A/B
testing prompt set is composed of approximately 1,000 prompts designed to capture customer usage of text-to-image
models. This set include prompts from datasets such as MSC@@@frawbench §6], OpenParti §4], DALL.E 3

Eval [16], and DOCCI p4] and covers a broad set of categories such as humans, landscapes, natural scenarios, indoor
environments, creative themes, artistic themes, and so forth. A few prompts were randomly selected and repeated in
order to get additional data points on the quality of the model.

With each prompt we generate an image from Amazon Nova Canvas as well as each other text-to-image model. We used
random seeds to generate the images from Amazon Nova Canvas and all images were generated at 1k x 1k resolution. If
the prompts trigger lters such that an image is not generated, for either the Amazon Nova Canvas model or the public
text-to-image model, we ignore that prompt and do not show it to the human raters. All human evaluation is done in

a single-blind manner where the annotator is provided two sets of images, one from Amazon Nova Canvas and the
other from the third-party model. The order of the images are randomized for each prompt and annotator. In our blind
testing, we ask human annotators to select images that they prefer based on (1) text-image alignment, which measures
the instruction-following capability of the model, and (2) image quality, which quanti es the overall preference of the
annotators. To ensure rigorous, consistent, and unbiased evaluation, we used a third-party vendor for human evaluation.
We created guidelines that were used to train the annotators so that the decision-making criteria were clear to them in
each dimension.

The pair-wise results comparing Amazon Nova Canvas with OpenAl DALL.E 3 and Google Imagen 3 are shown in
Table 9, including win, tie, loss rate. The win rate re ects the percentage of samples where Amazon Nova Canvas was

8 https://www.amazon.science/blog/amazon-nova-canvas-examples
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preferred over the other model while the tie rate indicates the scenario where the human annotator did not perceive a
difference between the two models. As can be seen in the results, Amazon Nova Canvas has a higher win rate compared
to the other text-to-image models.

Nova Canvas versus: DALL.E 3 Imagen 3

winrate tierate lossrate winrate tierate loss rate
Overall preference (image quality) 54.5 6.4 39.1 48.2 5.3 46.5
Instruction following (text-image alignment) 394 225 38.1 38.4 28.1 335

Table 9: The win, tie, and loss rates (%) from human evaluation of Amazon Nova Canvas versus (a) DALL.E 3 and (b)
Imagen 3.

4 Amazon Nova Reel Evaluation

Amazon Nova Reel is a diffusion model that takes a text prompt and an optional RGB image as input and generates
a video as an output conditioned on the input text and optional image. lllustrative examples of the videos generated
by the Amazon Nova Reel can be found in our Amazon Science blog poghis section, we provide details on the
evaluation strategy and performance of the model.

4.1 Human evaluation metrics

To evaluate Amazon Nova Reel, we rely on human feedback to assess the generated videos across two primary axes:
video quality and video consistency. All evaluations are conducted through single-blind pairwise comparisons. Human
annotators are provided a set of two videos shown side-by-side and are asked to choose the better video or mark them
as equal if they nd the videos to be equally performant across the metric on which they are evaluating. All videos were
generated in 720p resolution and different random seeds were used during generation.

The video qualityaxis encapsulates the technical and perceptual aspects of the generated video via four primary
components:

* Image quality: The visual appeal of individual frames, including resolution, sharpness, object clarity, and
overall composition, where each frame is visually pleasing and artifact-free.

« Motion quality: The uidity of movement across frames, including motion consistency and smooth transitions
without ickering, distortion, or abrupt shifts, contributing to natural and realistic motion portrayal.

« Image-text alignment: How closely individual frames match the prompt, considering the presence of described
entities, their attributes, spatial relationships, colors, and other static visual details.

« Motion-text alignment: The accuracy of dynamic elements, including the correctness of actions performed
by entities, camera movements, and temporal changes in attributes, as well as adherence to the provided
description.

The video quality axis additionally includes factors in uencing overall appeal, such as motion degree, entity size,
creative composition, and general video likability.

Thevideo consistencgxis encapsulates the temporal coherence of both subjects and backgrounds throughout the
video. It includes assessments of the maintenance of entity size, shape, and appearance, as well as background stability
without unexpected morphing or changes. A high score in this dimension means believable spatial relationships between
foreground and background elements throughout the video duration.

In combination, the video quality and video consistency metrics provide a holistic and robust evaluation framework for
video generation models by considering both technical accuracy and perceptual appeal.

4.2 Dataset

We curated a diverse set of prompts designed to capture various aspects of video generation. The prompts are distributed
across 6 broad categories: human and activities, animals, natural scenery and landscapes, indoor scenes, objects

"https://www.amazon.science/blog/amazon-nova-reel-examples
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interactions, and creative scenes and activities. This broad categorization ensures that the evaluation covers a wide
range of real-world scenarios. We structured the prompt set to cover various motion-related aspects, which is critical
for assessing motion-text alignment in the generated videos. For example, we included prompts with a variety of
camera motions to evaluate how well the models follow instructions related to camera movement. Additionally, we
incorporated dynamic attributes], in which the subject or background undergoes state or shape changes over time,
which allows us to evaluate the model's ability to generate evolving entities. Finally, we added prompts that require
motion binding [ 1], where speci ¢ compositions of movements and actions are requested, enabling us to assess how
well models can generate complex, coordinated motions. The curated prompt set consists of approximately 700 prompts,
all from various open source benchmarks.

4.3 Implementation details & results

To ensure a rigorous, consistent and unbiased evaluation process, we outsourced the annotation collection process to a
third-party vendor. We created detailed guidelines, in which annotators were given comprehensive instructions and
examples for each evaluation dimension, ensuring clarity on the criteria for marking preferences between videos. These
guidelines included examples of different scenarios to aid in decision-making across our evaluation axes. Alongside
this, we ensured that annotators were trained using expert-provided examples, with each round of annotations subject to
spot checks. Speci cally, 5-10% of the data from each batch was randomly selected and reviewed by expert annotators.
Based on this feedback, the vendor continuously re ned the annotators' understanding and accuracy, ensuring a high
standard of evaluation across the board. To further enhance the reliability of the results, we employed a consensus
voting system. For each video comparison, annotations were collected from three different evaluators, and a majority
voting approach was used to determine the nal outcome. This method helps reduce individual biases and ensures that
the nal assessments are based on collective judgment, thereby increasing the robustness of the evaluation.

For reporting performance, we conducted pairwise comparisons between Amazon Nova Reel and other state-of-the-art

models including Gen3 Alph&§] by Runway ML and Luma 1.647] by Luma Labs. We report results in terms of

win, tie, and loss rates. The win rate re ects the percentage of samples where Amazon Nova Reel was preferred over

the other model, while the tie rate indicates cases where no perceptible difference between the two models was found

by the evaluators. Using the curated prompt set described earlier, we evaluate the models across all the dimensions
outlined above, and report the results in Table 10.

Nova Reel versus: Runway Gen3 Alpha Luma 1.6

winrate tierate lossrate winrate tierate lossrate
Video Quality 56.4 9.9 33.7 51.1 3.4 455
Video Consistency 67.0 9.1 23.9 74.7 5.1 20.2

Table 10: The win, tie, and loss rates (%) from human evaluation of Amazon Nova Reel versus (a) Gen3-Alpha and (b)
Lumal.6.

In video consistency, Amazon Nova Reel achieved win rates of 67.0% against Gen3 Alpha and 74.7% against Luma
1.6, demonstrating superior subject and background coherence. For video quality, Amazon Nova Reel secured win rates
of 56.4% against Gen3 Alpha and 51.1% against Luma 1.6.

5 Responsible Al

Our approach to Responsible Al (RAI) is structured around eight foundational dimensigrsspwn in Table 11.

These dimensions guide our approach to RAI for the Amazon Nova family of models, which we articulate in the
following three sections: (1) de ning our RAI design objectives, (2) our actions to ensure adherence to these objectives,
and (3) system evaluation and red teaming. The last two components form a continuous loop of model development and
human/automated veri cation to ensure that our Amazon Nova models are aligned with our RAI objectives and deliver
an exceptional and delightful customer experience.

5.1 De ning our RAI objectives

We operationalize our RAI dimensions into a series of detailed design objectives that guide our decision-making
throughout the entire model development lifecycle, from initial data collection and pre-training to the implementation
of post-deployment runtime mitigations.
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Term De nition

Fairness Considering impacts on different groups of stakeholders

Explainability Understanding and evaluating system outputs

Privacy and security Appropriately obtaining, using, and protecting data and models

Safety Preventing harmful system output and misuse

Controllability Having mechanisms to monitor and steer Al system behavior

Veracity and robustness Achieving correct system outputs, even with unexpected or adversarial inputs

Governance Incorporating best practices into the Al supply chain, including providers and
deployers

Transparency Enabling stakeholders to make informed choices about their engagement with an Al
system

Table 11: Our eight core Responsible Al dimensions

In addition to being grounded on the RAI dimensions, our objectives are informed by relevant laws and regulations,
voluntary frameworks, and our commitments to our customers, and they undergo an internal alignment process that
includes reviews from a number of stakeholders. We will continue to iterate on these objections as we engage
with external experts and participate in industry and government forums, including the Frontier Model Egkum [
Partnership on Alf], and various forums organized by government agencies such as the National Institute of Standards
and Technology (NIST) of the U.S. Department of Commerce [7].

Our commitment to Responsible Scaling: As the capabilities of Al models increase (through increased training
data, model size or architecture innovations), so do the potential risks that they present. We joined other technology
companies in signing on to the White House's voluntary commitments on the safe, secure, and transparent development
and use of foundation model§][ Since then we have actively participated in other efforts, including the Al Safety
Summits in the UK and Seoul, and we have committed to new standards like the G7 Al Hiroshima Process Code of
Conduct B(] in accordance with our commitment to the US White House on ensuring Safe, Secure, and Trustworthy
Development and Use of Arti cial Intelligence. We also started a partnership with the Model Evaluation and Threat
Research (METR) centéto enrich ourControllability design objectives.

5.2 Ensuring adherence to RAI objectives

We employed a nhumber of methods to measure and ensure compliance for each of our core RAI dimensions depending
on their scope (i.e., whether they apply to model output, data management or other processes). For the dimensions
that govern model behavioBéfety Fairness Veracity and RobustnesSontrollability, andPrivacy and Securily we

curated the pre-training data and we used both Supervised Fine Tuning (SFT) and Reinforcement Learning from Human
Feedback (RLHF) methods to align our models. Based on the objectives for each RAI dimension, we created single-
and multi-turn RAI demonstrations in multiple languages and conducted helpfulness/harmfulness studies to decide on
SFT data mixes. We collected human preference data to be used as inputs to RLHF training where we also provided an
RAIl-speci ¢ reward model. We also identify risk areas during our of ine evaluation or red teaming exercises (Section
5.4) and collect semantically similar examples to be included in future SFT and RLHF rounds.

In addition to the RAI model alignment, we built runtime input and output moderation models which serve as a rst and
last line of defense and allow us to respond more quickly to newly identi ed threats or gaps in model alignment. The
main role of the input moderation model is to detect prompts that contain malicious, insecure or illegal material, or
attempt to bypass the core model alignment (prompt injection, jailbreaking). Similarly, the output moderation ensures
that the content adheres to our RAI objectives.

We have a rigorou§overnanceanethodology, developing our models in a working-backwards product process that
incorporates RAI at the design phase, design consultations and implementation assessments by dedicated RAI science
and data experts, and includes routine testing, reviews with customers, best practice development, dissemination, and
training.

8https://metr.org/
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We work to ensure that oWPrivacy and Securitpbjectives are adhered to for both the model and training data.

In addition to the model output alignment described above, we take measures that include data accesstontrols [
protecting our model training data, resulting weights, and model versions, and watermarking model outputs (see below).
We address the latter through several layers of defense, including de-identifying or removing certain types of personal
data from our training data, when feasible, as well as evaluation through red teaming exercises that cover data privacy
assessments.

For Explainability of our models' outputs we conduct and leverage the current active research in the area of Explainable
Al to deeply understand our models' current behavior, their potential future behavior, and to build capabilities to
continuously correct their behavior as and when necessary. We use various explainable Al methods throughout our
model development to guide our decisions regarding RAI alignment and other mitigations. Services like &larify [
also enable our downstream developers to easily explain model predictions.

To work to ensure our modelRobustnesagainst adversarial inputs such as those that attempt to bypass alignment
guardrails, we focused on risks applicable to both developers building applications using our models, and users
interacting with our models via those applications. We organized those risks in broad categories such as sensitive data
ex ltration, execution of unauthorized action, degradation of run-time model service availability, and malicious content
generation. We used this risk organization to build model resiliency against interactions that lead to the prioritized risks.

Finally, to maximizeTransparencywe incorporate an invisible watermark during the image or video generation
process and add C2PAnetadata in all Canvas generated content. We enhanced the robustness to alterations like
rotation, resizing, color inversion, and ipping. For videos, we embed our watermark in each frame and ensure that our
watermarking and detection methods withstand H264 compression. To enable anyone to easily detect the watermarks in
Amazon Nova generated content, an API will be available soon after launch. Our watermark detection system introduces
several enhancements such as making con dence score-based predictions instead of a single binary prediction that
re ects the extent to which the generated content has been edited even when using external tools. The new detection
system covers both images and videos.

5.3 RAI Evaluation

Throughout model development we perform extensive RAI evaluations using publicly available benchmarks like BOLD
[25], RealToxicityPrompts1], and MM-SafetyBench44]. We also built a series of proprietary, dynamically updating
benchmarks. To build them, our internal data annotation team created a diverse set of examples for each of our RAI
dimensions. In addition, we leveraged subject-matter experts in speci c areas, stetuatyandControllability, to

collect adversarial prompts. We continued updating and enhancing each dataset based on evaluation and red teaming
results (see Section 5.4 for more details on red teaming). This kept the internal benchmarks evergreen, avoiding
over tting during development, but also made sure the models do not regress against previously identi ed risks.
Our datasets comprise inputs in multiple languages and multiple modalities, and contain single-turn and multi-turn
conversation examples.

5.4 Red Teaming

Static benchmarks give us a view of how well models perform per RAI dimension against a user's “plain” intent (i.e.

the prompts explicitly state the intent of the user to generate prohibited content). To test our models' resilience against
techniques that mask the users' intent we rely on red teaming. We employed a multi-pronged evaluation strategy
consisting of internal red teaming, red teaming with third party and subject matter experts and, automated red teaming.

5.4.1 Internal Red Teaming

We used a team of trained data analysts and subject-matter experts to perform regular red teaming exercises to
evaluate the model's robustness against adversarial prompts across all our RAI dimensions. We enhanced the diversity
of manually curated adversarial prompts by employing linguistic, structural, and modality based prompt mutation
techniques, assessing each mutation for its effectiveness at generating a response that does not adhere to our RAI
objectives, likelihood of its success, and the technique's novelty to a model revision. In total, we identi ed and
developed over 300 distinct techniques (see Figure 4), and tested techniques individually and via chaining various
combinations. The attacks covered multiple languages and modalities, targeting each language/modality individually
and in combination. We designed cross-modality attacks, such as embedding adversarial content within seemingly
benign visual inputs, to evaluate the models' ability to handle complex scenarios involving multiple input types. Where
appropriate, we implemented automation to further improve the diversity, reliability, and ef ciency of red teaming.

®https://c2pa.org/
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Figure 4: Broad taxonomy and count of attack techniques we use for our red teaming exercises

After each round of red teaming, we gathered feedback from the team regarding failure patterns which guided the next
stage of the model development.

5.4.2 External Red Teaming

In accordance with our commitment to the US White House on ensuring Safe, Secure, and Trustworthy Arti cial
Intelligence, we partner with a variety of third parties to conduct red teaming against our Al models. These initiatives
are in addition to our extensive in-house efforts, which includes all aspects of Cybersecurity red teaming. Just like with
our internal red teaming efforts, we iterated during the model development based on feedback from these institutions to
improve the RAI adherence of our models. We leverage red-teaming rms including ActiveFence to conduct testing
in areas such as hate speech, political misinformation, extremism and other RAI dimensions. We also work with
specialized third parties to red team our models for Chemical, Biological, Radiological and Nuclear (CBRN) capabilities.
Our work with Deloitte Consulting, tests our Al models' capabilities in Biological risks and harms. Our work with
Nemesys Insights LLC tests our Al models' capabilities in the Radiological and Nuclear domains. We also work with
the Gomes Group at Carnegie Mellon University to test our models' capabilities in Chemistry and chemical compounds.
Each of these partners was carefully selected based on their industry leadership, previous/parallel red teaming work
with other Al model developers, and their contributions to evolving government and industry standards around CBRN
and overall Al safety. We provide a brief summary of expertise of each of these vendors and their testing methodology
below.

ActiveFence ActiveFence is a team of over 150 subject matter experts providing Al Safety and Content Moderation
solutions. The team produced over 9,700 adversarial prompts, distributed over 20 categories, including content-targeted
red teaming (evaluating the model's ability to generate harmful or inappropriate content), and security-targeted red
teaming (assessing the model's resilience against malicious attempts to manipulate its behavior or extract sensitive
information).

Deloitte: The evaluation team at Deloitte Consulting LLP (formerly known as Gryphon Scienti ¢) has unique experience

at the intersection of arti cial intelligence and biology. The primary thrust of this effort involved evaluating the model
against a panel of 30 questions developed to test an LLM's scienti ¢ knowledge and reasoning capabilities that could
facilitate the development or use of biological weapons. The model's responses to these questions were evaluated
for their scienti ¢ accuracy and utility to someone seeking to do harm with biology. After completing the initial
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evaluations, the Deloitte team probed more deeply into the questions the LLM originally replied with potentially
concerning information.

Gomes Group The Gomes Group at Carnegie Mellon University is at the forefront of integrating advanced arti cial
intelligence into chemical research. Their evaluation framework consisted of both automated and non-automated
assessments. Two non-automated evaluations explored aggregation attack vulnerabilities through purchasing and remote
chemical mixing scenarios. The automated evaluations utilized two distinct datasets: one containing 39 hazardous
chemicals (including DEA Schedule |, Il, and chemical warfare agents) and another with 362 common chemicals for
NFPA diamond classi cations. Three primary automated evaluations were conducted using the hazardous chemicals
dataset. The NFPA diamond evaluation comprised 1,810 prompts, testing both single-turn and multi-turn approaches
with consistent accuracy across both methods.

Nemesys Nemesys Insights LLC run uplift studies, red teaming exercises, and risk assessments for a variety of
technology companies and third-party research entities to assess national security related risks of large language models
and other generative Al tools. For their testing, they started with human red teaming exercises focused on non-state
acquisition or use of illicit radiological/nuclear (RN) materials, followed by prompt-response evaluation and uplift
studies. The exercises comprised two different scenarios (a. violent non-state actor acquisition and use of Cobalt-60; b.
non-state actor acquisition and international transport of HEU [highly enriched uranium]), and utilized 8 subject matter
experts with operational and technological knowledge in a 2-team x 2-scenario design to construct and re ne threat
plans across a 6-hour planning cycle.

5.4.3 Automated Red Teaming

Finally, to augment human based red teaming, we built an automated red teaming mechanism by adapting our (Feedback
Loop In-context Red Teaming) FLIRTE}] framework. This approach helped us scale red teaming and repeat red
teaming ef ciently. FLIRT uses a list of seed prompts that have been identi ed by human evaluators as potentially
violating one or more of our RAI dimensions. For every dimension, a subset of seeds is used to generate additional
prompts with a dedicated language model, called red-LM, through in-context-learning (I€LJrHd a carefully

crafted set of instructions. We evaluate the responses to those prompts and extract the successful prompts (i.e., the ones
triggering a prohibited response) for the next round of generation. The above steps are repeated for a chosen number of
iterations across all RAI categories. We use our automated red teaming mechanism to evaluate both RAI adherence
robustness and false refusals. We use the mechanism to generate adversarial tests across multi-turn interactions, multiple
languages, and multiple input/output modalities to uncover and correct robustness issues in our models due to potential
adversarial content in such interactions and inputs.

6 Training Infrastructure

The Nova family of models were trained on Amazon's custom Trainium1 (TRN1) ¢Aik¥/jdia A100 (P4d instances),

and H100 (P5 instances) accelerators. Working with AWS SageMaker, we stood up NVidia GPU and TRN1 clusters
and ran parallel trainings to ensure model performance parity, while optimizing training throughput on the different
stacks. All clusters utilize petabit-scale non-blocking EFA network fabric which is less prone to packet loss than other
network transport protocolsand provides the highest network bandwidth with H100 accelerators compared to any
other instance type available on AWS E€2WNe conducted distributed training on AWS SageMaker-managed Elastic
Kubernetes Service (EKS) clusters, and utilized AWS File System X (FSx) and Simple Storage Solution (S3) for
data and checkpoint 10. While FSx offers performant and convenient storage for large scale training jobs, S3 allowed
cost-ef cient scaling to large multimodal datasets and model checkpoints.

Goodput achieved weekly average values of up to 97% in pretraining runs through optimizations targeting lower job
failure rate, minimizing checkpoint overhead, and overall reduction in the Mean Time to Restart (MTTR). This time

is inclusive of time from the last successful checkpoint before training interruption, time taken to restart components
of the system and resume training at steady state from checkpoint. Techniques such as fully distributed optimizer
state and weight sharding and the elimination of all blocking overhead associated with checkpoint persistence resulted
in a reduction of checkpointing overhead to ~1 sec on H100 clusters, and ~0.1 sec on TRNL1 clusters. We exceeded
our MTTR target of 9 minutes and achieved an average of 6.5 minutes on our TRN1 clusters by optimizing the

Phttps://aws.amazon.com/blogs/aws/amazon-ec2-trnil-instances-for-high-performance-model-trainin
g-are-now-available/

Uhttps://www.amazon.science/publications/a-cloud-optimized-transport-protocol-for-elastic-and-s
calable-hpc

2https://aws.amazon.com/blogs/aws/new-amazon-ec2-p5-instances-powered- by-nvidia-h100-tensor-cor
e-gpus-for-accelerating-generative-ai-and-hpc-applications/
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node communication initialization in the training startup process and reduced time to load checkpoints through an
asynchronous observer process. This process maps each latest checkpoint le to its corresponding node in the cluster.
When resuming from the checkpoint, each node only loads the checkpoint les for its corresponding rank, reducing
the time taken to discover the latest checkpoint from 3 minutes to 5 seconds. We also cache and reuse data indices to
optimize training data loading initialization time. These improvements reduced data loading initialization to 205ms per
restart.

To increase training ef ciency we developed a new activation checkpointing scheme called Super-Selective Activation
Checkpointing (SSC). SSC minimizes activation re-computation in memory-constrained environments, reducing mem-
ory consumption by ~50% while adding ~2% re-computation overhead compared to NVidia's Selective Checkpointing.
We also found optimizations in default gradient reduction behavior and the default PyTorch memory allocator behavior.
The default gradient reduction behavior leads to suboptimal communication overlap and we found the synchronous
nature of the default PyTorch allocation led to stragglers in collectives resulting in multiple stalled workers. We adjusted
the gradient reduction order and frequency, allowing us to overlap the majority of data parallelism communication.

22



The Amazon Nova Family of Models

References
[1] Ef cient Batch Computing — AWS Batch - AWS, 2024. URittps://aws.amazon.com/batch/
[2] Big Data Platform - Amazon EMR - AWS, 2024. URittps://aws.amazon.com/emr/

[3] AgentStudio. Gemini ash.https://computer-agents.github.io/agent-studio/ , 2024. Accessed:
2024-11-29.

[4] P. Agrawal, S. Antoniak, E. B. Hanna, B. Bout, D. Chaplot, J. Chudnovsky, D. Costa, B. D. Monicault, S. Garg,
T. Gervet, S. Ghosh, A. Héliou, P. Jacob, A. Q. Jiang, K. Khandelwal, T. Lacroix, G. Lample, D. L. Casas,
T. Lavril, T. L. Scao, A. Lo, W. Marshall, L. Martin, A. Mensch, P. Muddireddy, V. Nemychnikova, M. Pellat,
P. V. Platen, N. Raghuraman, B. Roziére, A. Sablayrolles, L. Saulnier, R. Sauvestre, W. Shang, R. Soletskyi,
L. Stewart, P. Stock, J. Studnia, S. Subramanian, S. Vaze, T. Wang, and S. Yang. Pixtral 12B, 2024. URL
https://arxiv.org/abs/2410.07073

[5] Amazon. Amazon joins Partnership on Alttps://www.aboutamazon.com/news/amazon-ai/amazon-|
oins-partnership-on-ai , 2016. Accessed: 2024-11-20.

[6] Amazon. Our commitment to the responsible use of&tps://www.aboutamazon.com/news/company-n
ews/amazon-responsible-ai , 2023. Accessed: 2024-11-20.

[7] Amazon. Amazon joins US Arti cial Intelligence safety institute to advance responsiblatids://www.abou
tamazon.com/news/policy-news-views/amazon-joins-us-artificial-intelligence-safety-i

nstitute-to-advance-responsible-ai , 2024. Accessed: 2024-11-20.
[8] Amazon. Amazon SageMaker Clarifigttps://aws.amazon.com/sagemaker/clarify/ , 2024. Accessed:
2024-11-20.

[9] Amazon. Data protection & privacy at AWSttps://aws.amazon.com/compliance/data-protection/ ,
2024. Accessed: 2024-11-20.

[10] Amazon. Building Al responsibly at AWShttps://aws.amazon.com/ai/responsible-ai/ , 2024.
Accessed: 2024-11-20.

[11] Anthropic. The Claude 3 model family: Opus, Sonnet, Haiku. Technical report, Anthropic, 2023. URL
https://www-cdn.anthropic.com/de8ba9b01c9ab7cbabf5¢c33b80b7bbc618857627/Model_Card_Cla
ude_3.pdf .

[12] Anthropic. Claude Sonnehttps://www.anthropic.com/claude/sonnet , 2024. Accessed: 2024-11-20.
[13] Anthropic Al. Claude 3.5 Sonnet model card addendum. Technical report, 2024.

[14] Anthropic Al Team. Claude 3.5 Haiku and upgraded Claude 3.5 Sonnet, 2024 httjiRl//assets.anthr
opic.com/m/1cd9d098ac3e6467/original/Claude-3-Model-Card-October-Addendum.pdf

[15] S. Arora and B. BarakComputational complexity: a modern approac@ambridge University Press, 2009.

[16] J. Betker, G. Goh, L. Jing, T. Brooks, J. Wang, L. Li, L. Ouyang, J. Zhuang, J. Lee, Y. Guo, et al. Improving image
generation with better caption€omputer Science. https://cdn. openai. com/papers/dall-e-32(R}f8, 2023.

[17] Black Forest Labs. Flux models. 2024. URitps://github.com/black-forest-labs/flux

[18] T. B. Brown, B. Mann, N. Ryder, M. Subbiah, J. Kaplan, P. Dhariwal, A. Neelakantan, P. Shyam, G. Sastry,
A. Askell, et al. Language models are few-shot learnarXiv preprint arXiv:2005.141652020.

[19] M. Chen, J. Tworek, H. Jun, Q. Yuan, H. P. D. O. Pinto, J. Kaplan, H. Edwards, Y. Burda, N. Joseph, G. Brockman,
et al. Evaluating large language models trained on code, 2021.

[20] Z. Chen, W. Chen, C. Smiley, S. Shah, |. Borova, D. Langdon, R. N. Moussa, M. |. Beane, T.-H. K. Huang, B. R.
Routledge, and W. Y. Wang. FinQA: A dataset of numerical reasoning over nancial Aleta, abs/2109.00122,
2021. URLhttps://api.semanticscholar.org/CorpusiD:235399966

[21] J. Cho, A. Zala, and M. Bansal. DALL-eval: Probing the reasoning skills and social biases of text-to-image
generation models. IRroceedings of the IEEE/CVF International Conference on Computer Vipages
3043-3054, 2023.

23



The Amazon Nova Family of Models

[22] P. Clark, I. Cowhey, O. Etzioni, T. Khot, A. Sabharwal, C. Schoenick, and O. Tafjord. Think you have solved
guestion answering? try ARC, the Al2 reasoning challersgiv:1803.05457v,12018.

[23] K. Cobbe, V. Kosaraju, M. Bavarian, M. Chen, H. Jun, L. Kaiser, M. Plappert, J. Tworek, J. Hilton, R. Nakano,
C. Hesse, and J. Schulman. Training veri ers to solve math word problarXév preprint arXiv:2110.14168
2021.

[24] X. Deng, Y. Gu, B. Zheng, S. Chen, S. Stevens, B. Wang, H. Sun, and Y. Su. Mind2Web: Towards a generalist
agent for the web. INeurlPS 2023.

[25] J. Dhamala, T. Sun, V. Kumar, S. Krishna, Y. Pruksachatkun, K.-W. Chang, and R. Gupta. BOLD: Dataset and
metrics for measuring biases in open-ended language generatiBrodeedings of the 2021 ACM Conference on
Fairness, Accountability, and Transparen€&AccT ‘21, page 862—-872, New York, NY, USA, 2021. Association
for Computing Machinery. ISBN 9781450383097. doi: 10.1145/3442188.3445924 hijpd://doi.org/
10.1145/3442188.3445924.

[26] D. Dua, Y. Wang, P. Dasigi, G. Stanovsky, S. Singh, and M. Gardner. DROP: A reading comprehension benchmark
requiring discrete reasoning over paragraph®2risc. of NAACL.2019.

[27] P. Esser, S. Kulal, A. Blattmann, R. Entezari, J. Muller, H. Saini, Y. Levi, D. Lorenz, A. Sauer, F. Boesel, et al.
Scaling recti ed ow transformers for high-resolution image synthesisFdrty- rst International Conference on
Machine Learning2024. URLhttps://huggingface.co/stabilityai/stable-diffusion-3-medium

[28] P. Esser, S. Kulal, A. Blattmann, R. Entezari, J. Miller, H. Saini, Y. Levi, D. Lorenz, A. Sauer, F. Boesel, et al.
Stable Diffusion 3.5. 2024. URAhttps://stability.ai/news/introducing-stable-diffusion-3-5 .

[29] Frontier Model Forum. Amazon and Meta join the Frontier Model Forum to promote Al safetys:
IIwww.frontiermodelforum.org/updates/amazon-and-meta-join-the-frontier-model-forum-t
o-promote-ai-safety/ , 2024. Accessed: 2024-11-20.

[30] G7 Hiroshima Summit. Hiroshima process international code of conduct for organizations developing advanced
Al systems.https://www.mofa.go.jp/files/100573473.pdf , 2023. Accessed: 2024-11-20.

[31] S. Gehman, S. Gururangan, M. Sap, Y. Choi, and N. A. Smith. RealToxicityPrompts: Evaluating neural toxic
degeneration in language models. In T. Cohn, Y. He, and Y. Liu, editnslings of the Association for
Computational Linguistics: EMNLP 202pages 3356-3369, Online, Nov. 2020. Association for Computational
Linguistics. doi: 10.18653/v1/2020.findings-emnlp.301. URtps://aclanthology.org/2020.findings
-emnlp.301 .

[32] Gemini Team. Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context, 2024. URL
https://arxiv.org/abs/2403.05530

[33] Google Deepmind. Gemini Flaslnttps://deepmind.google/technologies/gemini/flash/ , 2024.
Accessed: 2024-11-20.

[34] N. Goyal, C. Gao, V. Chaudhary, P.-J. Chen, G. Wenzek, D. Ju, S. Krishnan, M. Ranzato, F. Guzman, and A. Fan.
The FLORES-101 evaluation benchmark for low-resource and multilingual machine translation. 2021.

[35] F. Guzmén, P.-J. Chen, M. Ott, J. Pino, G. Lample, P. Koehn, V. Chaudhary, and M. Ranzato. Two new evaluation
datasets for low-resource machine translation: Nepali-english and sinhala-english. 2019.

[36] D. Hendrycks, C. Burns, S. Basart, A. Zou, M. Mazeika, D. Song, and J. Steinhardt. Measuring massive
multitask language understanding. llternational Conference on Learning Representatjd2@1. URL
https://openreview.net/forum?id=d7KBjmI3GmQ

[37] D. Hendrycks, C. Burns, S. Kadavath, A. Arora, S. Basart, E. Tang, D. Song, and J. Steinhardt. Measuring
mathematical problem solving with the MATH datasieurlPS 2021.

[38] Y. Hu, B. Liu, J. Kasai, Y. Wang, M. Ostendorf, R. Krishna, and N. A. Smith. TIFA: Accurate and interpretable
text-to-image faithfulness evaluation with question answerindgrateedings of the IEEE/CVF International
Conference on Computer Visigmages 20406—20417, 2023.

[39] R. Islam and O. M. Moushi. GPT-40: The cutting-edge advancement in multimodal LLM. Technical report, 2024.

24



The Amazon Nova Family of Models

[40] G. Kamradt. LLMTest NeedlelnAHaystack, 2023. URttps://github.com/gkamradt/LLMTestNeedlel
nAHaystack/blob/main/README.md

[41] D. P. Kingma. Auto-encoding variational Bayeznd International Conference on Learning Representations,
ICLR, 2014.

[42] T.-Y. Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. Ramanan, P. Dollar, and C. L. Zitnick. Microsoft COCO:
Common objects in context. l@omputer Vision—ECCV 2014: 13th European Conference, Zurich, Switzerland,
September 6-12, 2014, Proceedings, Part Vd&yes 740-755. Springer, 2014.

[43] J.Liu, Y. Song, B. Y. Lin, W. Lam, G. Neubig, Y. Li, and X. Yue. VisualWebBench: How far have multimodal
lIms evolved in web page understanding and grounding?, 2024.

[44] X. Liu, Y. Zhu, J. Gu, Y. Lan, C. Yang, and Y. Qiao. MM-SafetyBench: A benchmark for safety evaluation of
multimodal large language models. In A. Leonardis, E. Ricci, S. Roth, O. Russakovsky, T. Sattler, and G. Varol,
editors,Computer Vision — ECCV 202%éages 386—-403, Cham, 2025. Springer Nature Switzerland. ISBN
978-3-031-72992-8.

[45] Llama Team, Al Meta. The Llama 3 herd of models, 2024. URtps://github.com/meta-llama/llama
-models/blob/main/models/llama3_1/MODEL_CARD.md

[46] P. Lu, B. Peng, H. Cheng, M. Galley, K.-W. Chang, Y. N. Wu, S.-C. Zhu, and J. Gao. Chameleon: Plug-and-play
compositional reasoning with large language modeld'Ha 37th Conference on Neural Information Processing
Systems (NeurlPS2023.

[47] Luma Labs, 2024. URMhttps://lumalabs.ai/dream-machine

[48] L. Madaan, A. K. Singh, R. Schaeffer, A. Poulton, S. Koyejo, P. Stenetorp, S. Narang, and D. Hupkes. Quantifying
variance in evaluation benchmarks, 2024. URtps://arxiv.org/abs/2406.10229

[49] K. Mangalam, R. Akshulakov, and J. Malik. EgoSchema: A diagnostic benchmark for very long-form video
language understanding. NeurlPS 2023.

[50] A. Masry, D. X. Long, J. Q. Tan, S. Joty, and E. Hoque. ChartQA: A benchmark for question answering about
charts with visual and logical reasoning. A€L Findings 2022.

[51] M. Mathew, D. Karatzas, and C. Jawahar. DocVQA: A dataset for VQA on document imag&#\ak, 2021.

[52] N. Mehrabi, P. Goyal, C. Dupuy, Q. Hu, S. Ghosh, R. Zemel, K.-W. Chang, A. Galstyan, and R. Gupta. FLIRT:
Feedback loop in-context red teaming. HMNLP 2024 2024. URLhttps://www.amazon.science/publi
cations/flirt-feedback-loop-in-context-red-teaming

[53] Meta. Llama 3.2 Github model card visiomttps://github.com/meta-llama/llama-models/blob
/main/models/llama3_2/MODEL_CARD_VISION.md#instruction-tuned-models , 2024. Accessed:
2024-11-20.

[54] Y. Onoe, S. Rane, Z. Berger, Y. Bitton, J. Cho, R. Garg, A. Ku, Z. Parekh, J. Pont-Tuset, G. Tanzer, et al. DOCCI:
Descriptions of connected and contrasting imad¢RL https://arxiv. org/abs/2404.19753

[55] OpenAl. GPT 40 mini.https://openai.com/index/gpt-40-mini-advancing-cost-efficient-int
elligence , 2024. Accessed: 2024-11-20.

[56] OpenAl. Hello GPT 4ohttps://openai.com/index/hello-gpt-40 , 2024. Accessed: 2024-11-20.
[57] OpenAl Team. simple evals GPT4, 2024. URttps://github.com/openai/simple-evals

[58] OpenAl Team. ol mini system card, 2024. URIttps://cdn.openai.com/ol-system-card-20240917.
pdf.

[59] L. Ouyang, J. Wu, X. Jiang, D. Almeida, C. Wainwright, P. Mishkin, C. Zhang, S. Agarwal, K. Slama, A. Ray,
J. Schulman, J. Hilton, F. Kelton, L. Miller, M. Simens, A. Askell, P. Welinder, P. F. Christiano, J. Leike,
and R. Lowe. Training language models to follow instructions with human feedbacdkdvances in Neural
Information Processing Systemwelume 35, pages 27730-27744, 2022.

25



The Amazon Nova Family of Models

[60] S. G. Patil, T. Zhang, X. Wang, and J. E. Gonzalez. Gorilla: Large language model connected with massive APIs,
2023. URLhttps://arxiv.org/abs/2305.15334

[61] W. Peebles and S. Xie. Scalable diffusion models with transformet€Qw, 2023.

[62] R. Rafailov, A. Sharma, E. Mitchell, C. D. Manning, S. Ermon, and C. Finn. Direct preference optimization:
Your language model is secretly a reward modelT lirty-seventh Conference on Neural Information Processing
Systems2023.

[63] R. Rei, J. G. C. de Souza, D. Alves, C. Zerva, A. C. Farinha, T. Glushkova, A. Lavie, L. Coheur, and A. F. T.
Martins. COMET-22: Unbabel-IST 2022 submission for the metrics shared task. In P. Koehn, L. Barrault,
O. Bojar, F. Bougares, R. Chatterjee, M. R. Costa-jussa, C. Federmann, M. Fishel, A. Fraser, M. Freitag,
Y. Graham, R. Grundkiewicz, P. Guzman, B. Haddow, M. Huck, A. Jimeno Yepes, T. Kocmi, A. Martins,
M. Morishita, C. Monz, M. Nagata, T. Nakazawa, M. Negri, A. Névéol, M. Neves, M. Popel, M. Turchi, and
M. Zampieri, editorsProceedings of the Seventh Conference on Machine Translation (Visldgs 578-585,
Abu Dhabi, United Arab Emirates (Hybrid), Dec. 2022. Association for Computational Linguistics. URL
https://aclanthology.org/2022.wmt-1.52

[64] D. Rein, B. L. Hou, A. C. Stickland, J. Petty, R. Y. Pang, J. Dirani, J. Michael, and S. R. Bowman. GPQA: A
graduate-level google-proof Q&A benchmark, 2023. URtps://arxiv.org/abs/2311.12022

[65] Runway Research, 2024. URIitps://runwayml.com/research/introducing-gen-3-alpha

[66] C. Saharia, W. Chan, S. Saxena, L. Li, J. Whang, E. L. Denton, K. Ghasemipour, R. Gontijo Lopes,
B. Karagol Ayan, T. Salimans, et al. Photorealistic text-to-image diffusion models with deep language un-
derstandingAdvances in neural information processing syste38s36479—-36494, 2022.

[67] T. Schick, J. Dwivedi-Yu, R. Dessi, R. Raileanu, M. Lomeli, E. Hambro, L. Zettlemoyer, N. Cancedda, and
T. Scialom. Toolformer: Language models can teach themselves to use todhsrtinseventh Conference on
Neural Information Processing Systeri823. URLhttps://openreview.net/forum?id=Yacmpz84TH

[68] J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov. Proximal policy optimization algorithms, 2017.

[69] U. Shaham, M. Ivgi, A. Efrat, J. Berant, and O. Levy. ZeroSCROLLS: A zero-shot benchmark for long text
understanding. In H. Bouamor, J. Pino, and K. Bali, editbisdings of the Association for Computational
Linguistics: EMNLP 2023pages 7977-7989, Singapore, Dec. 2023. Association for Computational Linguistics.
doi: 10.18653/v1/2023.findings-emnlp.536. URIttps://aclanthology.org/2023.findings-emnlp.5
36.

[70] A. Singh, V. Natarajan, M. Shah, Y. Jiang, X. Chen, D. Batra, D. Parikh, and M. Rohrbach. Towards VQA models
that can read. ICVPR 2019.

[71] K. Sun, K. Huang, X. Liu, Y. Wu, Z. Xu, Z. Li, and X. Liu. T2V-CompBench: A comprehensive benchmark for
compositional text-to-video generatioarXiv preprint arXiv:2407.145052024.

[72] M. Suzgun, N. Scales, N. Scharli, S. Gehrmann, Y. Tay, H. W. Chung, A. Chowdhery, Q. V. Le, E. H. Chi,
D. Zhou, , and J. Wei. Challenging BIG-Bench tasks and whether chain-of-thought can solvatiénpreprint
arXiv:2210.092612022.

[73] N. Team, M. R. Costa-jussa, J. Cross, O. Celebi, M. Elbayad, K. Hea eld, K. Heffernan, E. Kalbassi, J. Lam,
D. Licht, J. Maillard, A. Sun, S. Wang, G. Wenzek, A. Youngblood, B. Akula, L. Barrault, G. M. Gonzalez,
P. Hansanti, J. Hoffman, S. Jarrett, K. R. Sadagopan, D. Rowe, S. Spruit, C. Tran, P. Andrews, N. F. Ayan,
S. Bhosale, S. Edunov, A. Fan, C. Gao, V. Goswami, F. Guzman, P. Koehn, A. Mourachko, C. Ropers, S. Saleem,
H. Schwenk, and J. Wang. No language left behind: Scaling human-centered machine translation. 2022.

[74] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and |. Polosukhin. Attention
is all you need, 2023. URhttps://arxiv.org/abs/1706.03762

[75] R. Vedantam, C. L. Zitnick, and D. Parikh. CIDEr: Consensus-based Image Description Evalua@MPR
2015.

[76] A.Wang, R.Y.Pang, A. Chen, J. Phang, and S. R. Bowman. SQUALITY: Building a long-document summarization
dataset the hard way. IRroceedings of the 2022 Conference on Empirical Methods in Natural Language
Processingpages 1139-1156, Abu Dhabi, United Arab Emirates, Dec. 2022. Association for Computational
Linguistics. URLhttps://aclanthology.org/2022.emnlp-main.75

26



The Amazon Nova Family of Models

[77] W. Wang, Z. He, W. Hong, Y. Cheng, X. Zhang, J. Qi, X. Gu, S. Huang, B. Xu, Y. Dong, et al. LVBench: An
extreme long video understanding benchmaniiv preprint arXiv:2406.080352024.

[78] X. Wang, J. Wu, J. Chen, L. Li, Y.-F. Wang, and W. Y. Wang. VATEX: A large-scale, high-quality multilingual
dataset for video-and-language researciCiaV, 2019.

[79] J. Wei, X. Wang, D. Schuurmans, M. Bosma, B. Ichter, F. Xia, E. H. Chi, Q. V. Le, and D. Zhou. Chain-of-thought
prompting elicits reasoning in large language model®riceedings of the 36th International Conference on
Neural Information Processing SysterM8PS '22, Red Hook, NY, USA, 2024. Curran Associates Inc. ISBN
9781713871088.

[80] J. Xu, X. Liu, Y. Wu, Y. Tong, Q. Li, M. Ding, J. Tang, and Y. Dong. ImageReward: Learning and evaluating
human preferences for text-to-image generatiddvances in Neural Information Processing Syste8652024.

[81] F. Yan, H. Mao, C. C.-J. Ji, T. Zhang, S. G. Patil, I. Stoica, and J. E. Gonzalez. Berkeley function calling
leaderboard. 2024.

[82] X. Yang, K. Sun, H. Xin, Y. Sun, N. Bhalla, X. Chen, S. Choudhary, R. D. Gui, Z. W. Jiang, Z. Jiang, L. Kong,
B. Moran, J. Wang, Y. E. Xu, A. Yan, C. Yang, E. Yuan, H. Zha, N. Tang, L. Chen, N. Scheffer, Y. Liu, N. Shah,
R. Wanga, A. Kumar, W. tau Yih, and X. L. Dong. Crag — comprehensive rag benchraeXkv preprint
arXiv:2406.047442024. URLhttps://arxiv.org/abs/2406.04744

[83] S. Yao, J. Zhao, D. Yu, N. Du, I. Shafran, K. Narasimhan, and Y. Cao. ReAct: Synergizing reasoning and acting
in language models. Imternational Conference on Learning Representations (ICRB23.

[84] J. Yu, Y. Xu, J. Y. Koh, T. Luong, G. Baid, Z. Wang, V. Vasudevan, A. Ku, Y. Yang, B. K. Ayan, et al. Scaling
autoregressive models for content-rich text-to-image generaiidfiv preprint arXiv:2206.10782(3):5, 2022.

[85] X. Yue, Y. Ni, K. Zhang, T. Zheng, R. Liu, G. Zhang, S. Stevens, D. Jiang, W. Ren, Y. Sun, C. Wei, B. Yu,
R. Yuan, R. Sun, M. Yin, B. Zheng, Z. Yang, Y. Liu, W. Huang, H. Sun, Y. Su, and W. Chen. MMMU: A massive
multi-discipline multimodal understanding and reasoning benchmark for expert agi/PR 2024.

[86] B. Zheng, B. Gou, J. Kil, H. Sun, and Y. Su. GPT-4V(ision) is a generalist web agent, if ground&@MIn 2024.

[87] L. Zheng, Z. Huang, Z. Xue, X. Wang, B. An, and S. Yan. AgentStudio: A toolkit for building general virtual
agentsarXiv preprint arXiv:2403.1791,8024.

[88] M. Zhong, A. Zhang, X. Wang, R. Hou, W. Xiong, C. Zhu, Z. Chen, L. Tan, C. Bi, M. Lewis, S. Popuri, S. Narang,
M. Kambadur, D. Mahajan, S. Edunov, J. Han, and L. van der Maaten. Law of the weakest link: Cross capabilities
of large language modelarXiv preprint arXiv:2409.199512024.

[89] J. Zhou, T. Lu, S. Mishra, S. Brahma, S. Basu, Y. Luan, D. Zhou, and L. Hou. Instruction-following evaluation for
large language models, 2023. URLttps://arxiv.org/abs/2311.07911

27



The Amazon Nova Family of Models

A Amazon Nova Canvas Capabilities

Our Nova Canvas model offers the following functionalities, with examples given in Figure 5.

Text-to-image generatioalows customers to create images with various resolutions (from 512 up to
2K 2K resolution).

Editing allows developers to edit images using a combination of text prompt or mask image. Amazon Nova
Canvas supports text-to-image editing and image-to-image editing, including inpainting, outpainting and object
removal.

Image variationallows customers to output images with similar contents but with variations from the user
provided ones.

Image conditioningrovide a reference image along with a text prompt, resulting in outputs that follow the
layout and structure of the user-supplied reference.

Image guidance with color paleti#lows customers to precisely control the color palette of generated images
by providing a list of hex codes along with the text prompt.

Background removautomatically removes background from images containing multiple objects.
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