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Mimo Live Training Dashboard

notices

4d 16h we filtered out tasks that are relatively easy for the current pro model.

ago

5d 23h the pro run restarted at step 17 due to a GPU OOM issue caused by expert load imbalance. we have adjusted the training parallelism strategy.
ago

6d 14h there was a network connectivity issue between the pro training cluster and the grader deployment. we have restarted the run. we also removed the cyber
ago dataset from the upcoming pro run, since we observed some bad patterns in the rollout logs.

7d 00h we restarted the flash run from step 15. reason: a type of infra error on one of datasets was not correctly detected over the past ~3 hours.
ago

7d 06h the mimo-v2.6-pro run is restarting due to a vram issue on one node.

ago
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® mimo-v2.6-pro stopped step 30
dynsam/avg@n - A vs ste... cost so far

0.633 .o.068 $2,620,670

® mimo-v2.6-flash stopped step 30
dynsam/avg@n - A vs ste... cost so far

0.644 .0.130 $854,044

benchmarks

DeepSWE v1.1 mini-swe- ® mimo-v2.6-pro 72.57

TOTAL COST
$3,474,715

5d 07:29:21

stopped 2..
started 2026-09-15 10:32 UTC

tokens - total

3.43B 75B

tokens - step 30

3d 11:05:40

stopped 2..
started 2026-09-15 15:16 UTC

tokens - step 30 tokens - total

3.7B 81.4B

In-house Coding Bench ® mimo-v2.6-pro 65.43
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train batch size x n

753k 1,568 x 16 :cqs

samples trained

train batch size x n

753k 1,568 x 16 seqs

samples trained

AutomationBench v1.0.6 ® mimo-v2.6-pro 53.10

avg@3 ® mimo-v2.6-flash 52.70
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- Ingestion Validation Preparation Training Evaluation Deployment Monitoring

Web & text

Images & Video ’
Sensors

LOgsS

Object Store

Common tools: Kafka, Scrapy, S3



Collection - Validation Preparation Training Evaluation Deployment Monitoring

Raw Data »

Common tools: Spark, Airflow, ShowFlake, Postgres

Data Lake

Warehouse



Collection Ingestion

- Preparation Training Evaluation Deployment Monitoring

v Clean data

e
S

Data Review

X Flag

Common tools: Great Expectations, Pandera



Collection Ingestion Validation - Training Evaluation Deployment Monitoring
DB Tables '
Labels

Common tools: Spark, dbt, Parquet, Feather

Data Sets

Transformations



Collection Ingestion Validation Preparation Training Evaluation Deployment Monitoring

Training set
Code
Config

Model

Experiment Log

Common tools: PyTorch, Tensorflow, MLFlow, Ray



Collection Ingestion Validation Preparation Training Evaluation Deployment Monitoring

v Approve
Models oF

Test set

X Reject

Common tools: Weights & Biases, MLFlow Registry



Collection Ingestion Validation Preparation Training Evaluation - Monitoring

| —
Model Delivery
iy

Common tools: KServe, kagent, vLLM



Collection Ingestion Validation Preparation Training Evaluation Deployment

Latency

Throughput

Error Rates

Common tools: Prometheus, Grafana
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DevOps to MLOps

Area You already know You need to learn
Data DB Ops, Storage SQL, Parquet, S3, Datasets
Code Bash, YAML, Terraform Python and Ecosystem
Compute Kubernetes, Swarm, EC2 GPUs
Pipelines Cl/CD Data and Training Pipelines
Artifacts Images, SBOM Models and the da@a that made them
(Data Lineage)
Monitoring Uptime, latency, errors Accuracy, Drift

Collaboration

Developers

ML Engineers
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What about LLMOps

Data Collection — Data Ingestion — Data Validation — Data Preparation

Vector DB Prompts
(Embeddings)
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DevOps to LLMOps

DB Ops, Storage SQL, Parquet, S3, Datasets

Bash, YAML, Terraform Python and Ecosystem

Kubernetes, Swarm, EC2

Cl/CD Data and Training Pipelines

Images, SBOM Models

Uptime, latency, errors Accuracy, Drift

Developers ML Engineers
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