Autonomous Deployment by Tvaritam

A successful deployment moves trained models into production while maintaining expected
model performance and meeting production requirements such as uptime, latency, and
workflow integration. It also involves safeguarding against data and schema drift that can
cause pipeline failures or erroneous predictions, and satisfying regulatory and internal
governance requirements.

The human capital required in Machine Learning (ML) model deployment is routinely
underestimated. Moving a trained model into production often takes months because the
team needs to anticipate failure modes at each stage of preprocessing and prediction, then
build a guardrail for each one. They must also meet regulatory and internal governance
requirements, with the documentation and evidence needed to demonstrate compliance and
build a system to monitor data drift and trigger an alert when retraining may be necessary.

This operational burden can consume significant data science and engineering capacity that
could otherwise be spent developing new models and solving higher-value problems. The
operational burden also continues after deployment, with teams continuously monitoring
model and pipeline performance, troubleshooting failures, and handling ad-hoc requests to
meet new regulatory requirements or support audits.

Tvaritam automates much of this deployment and governance work, allowing your team to
focus on developing and improving predictive models rather than managing the surrounding
ML engineering overhead.

Saving Trained Model

The trained model must be saved with the artifacts needed to build the prediction pipeline
and secured against unauthorized access, tampering, and model extraction. Therefore, the
platform automatically encrypts models and artifacts using a private organization key and
saves them to the selected destination.

Refactoring Preprocessing

A new set of data quality issues, previously unseen during training, will emerge over time in
production, which could lead to pipeline failures and erroneous predictions. Furthermore, the
underlying data distribution may shift, and small prediction batches can have a distorted
distribution, leading to large variations in derived values such as standard deviation and
quantile values, which can skew transformed features. Therefore, the preprocessing logic
must be adapted for production to handle a range of failure mechanisms and preserve the
intended transformations used during training.

Identifying Required Inputs

The platform generates a list of essential features, including raw input features used in
training and those required to derive features used in model training. The platform



automatically maps features in prediction data to required features, with the option to
manually modify the mapping. A safeguard prevents a single feature in prediction data from
being mistakenly mapped to multiple required features.

Schema and Datatype Validation

Datatype inconsistencies between training and prediction data can cause prediction pipeline
failure. Tvaritam adds a validation layer to the deployed prediction pipeline that compares
the data type of individual features between uploaded prediction data and those in the
training dataset. If a discrepancy occurs, the platform attempts to cast the feature to the
desired data type. If casting fails, instead of rejecting the entire dataset, the platform
evaluates individual values within the affected feature for discrepancies. The platform uses
the data type mismatch handling techniques defined during training for the feature to handle
those anomalies. The platform isolates discrepant data points in features with no handling
technique defined during training in a separate report, along with the reason. This prevents a
single invalid data point from causing the entire prediction pipeline to fail, prevents silent
drop-off of data points, and eases troubleshooting by attaching the cause to each rejected
data point.

Preprocessing Steps

The preprocessing logic must be applied consistently with training, in the same order, but the
production implementation must also handle production-specific failure modes. Therefore,
the automatically generated preprocessing code handles potential errors and failure sources
beyond data type inconsistency and maintains the intended transformations.

Guardrails at each stage

Guardrails are automatically built for identified error sources: common issues such as
missing data, and transformation-specific issues such as unseen categories during
encoding, inconsistent datetime formats, and non-positive values in log transformations. The
platform isolates bad data points and appends them to the rejection list discussed in the
previous section, along with the specific reasons.

Transformation Values

Production preprocessing should use the parameters learned during training, not recalculate
them from incoming data. Therefore, the platform automatically saves derived values used
for transformations during training, and the generated production code uses these stored
values instead of deriving them for each prediction pipeline run.

Out-of-Distribution Data

Machine Learning models are often great interpolators but poor extrapolators; thus,
generating predictions on inputs beyond the range of the training data is fraught with risk.
Therefore, the platform builds a guardrail as part of the deployment to screen data points
with feature values outside the training distribution and selected thresholds. This helps



prevent predictions generated outside the model's demonstrated accuracy range from being
treated with the same confidence as predictions on familiar inputs. The data points are
captured in the same report as mentioned in Schema Validation.

Drift Monitoring

The live data can shift gradually as economic conditions change, as well as dramatically as
the business enters new markets or domains, or due to major economic shocks such as a
pandemic or market crashes. These shifts can extend beyond individual feature values
moving outside the training range to changes in combinations of input features that shift
predicted class distributions or start predicting values beyond the target range observed
during training. Therefore, the platform tracks shifts in input and output data distributions
both across prediction runs and relative to the training data and triggers alerts when
distributions move beyond selected thresholds. Out-of-distribution detection prevents
erroneous or low-confidence predictions on individual data points, whereas drift monitoring
watches for systematic data deviation that may warrant retraining the model.

Prediction Generation

Preprocessing steps significantly transform raw input features, and often target features as
well, to optimize training and improve model accuracy. However, these transformed and
derived features appearing in prediction outputs create hurdles for business users trying to
act on predictions and add technical overhead when integrating predictions with other
software. Therefore, the platform builds code to generate prediction reports with outputs
against raw inputs. Moreover, where feasible, the code is deployed to invert the predicted
target back to the original raw format uploaded during training. In a few cases, such as when
target features were derived from multiple raw target features, inversion becomes infeasible;
in those cases, the prediction report includes intermediate target features instead.

The inability to identify features after transformations becomes more prominent when
identifying and fixing rejected data points. Therefore, the platform builds code to transform
the rejected data point report to display raw uploaded data instead of derived and
transformed data.

Compliance Readiness

Regulatory and legal requirements for ML come from both Al laws as well as sector and
problem-specific frameworks. These requirements extend beyond the deployment stage.
However, a few key ingredients are specific to the deployment process, and this phase also
provides an excellent opportunity to scrutinize whether the requirements during training,
such as human approval, data privacy law compliance, and the absence of features that can
trigger discrimination, were met and whether the production environment is regulatory
compliant. These requirements are easy to miss amid focus on training accurate models and
ensuring robust prediction processes. Therefore, the platform automates three key



ingredients corresponding to the deployment phase: audit logs, detailed documentation, and
prediction traceability.

Audit Logging

The audit log records who made a change, what was changed, and when it occurred, along
with details of each prediction run. The platform records device details, user information, and
timestamps with model saving and deployment. Further, at each prediction run, it also stores
input metadata along with the timestamp, user information, and device details. This
automatic capture reduces the risk of missing or incomplete audit logs. The logs are saved
with model artifacts and are not transmitted through telemetry to anyone, ensuring privacy
and access control.

Documentation

Documentation captures how a model was built and configured, including input features
used, preprocessing steps, model architecture, selected hyperparameters, and model
performance metrics. Maintaining this information matters for governance, reproducibility,
and investigating model behavior when needed. Manual documentation consumes valuable
engineering time and risks missing important details or losing them over years of model use.
Therefore, the platform generates documentation detailing each stage of model building on
demand rather than as a one-time process, ensuring easy availability and updated versions.

Prediction Traceback

The prediction needs to be attached to the model that generated it so compliance met during
model building, deployment, and maintenance can be proved. In its absence, all the
compliance actions, including model documentation and audit logs, become irrelevant. The
platform builds logic to attach the model name, version, and prediction timestamp to
individual predictions.

Conclusion

The advantage of autonomous deployment goes beyond saving time; it reduces the risk of
creeping inaccuracy, missed steps, and the need to build testing infrastructure to maintain
preprocessing consistency.

Moreover, built-in guardrails safeguard the prediction pipeline against a series of failure
modes. Autonomous drift monitoring ensures the model receives timely updates and does
not generate predictions beyond its design parameters, without anyone having to check for
various drifts regularly. The automatic documentation and logging eliminate the last-minute
scramble to build patchwork solutions to meet regulatory requirements during an audit or
legal dispute involving predictions.

Thus, automatic deployment replaces fragile manual processes with a system designed to
deliver robust, compliance-ready models consistently.
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