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ABSTRACT

Document classification is a solved problem in the laboratory and an unsolved one in the enter-
prise. The blocker is rarely model architecture; it is the labeling project that must precede a
model and the institutional fear of letting a model retrain itself once one exists. We present SIFT
(Self-Improving, Frozen-gate Training), the FlowX.AI Platform’s dynamic classifier service,
which attacks both. SIFT serves classification from a deliberately cheap, CPU-bound pipeline, a
SPLADE sparse encoder feeding a LightGBM head!5®!, and escalates only the low-confidence
minority of pages to an LLM judge. The judge’s verdicts are written back into a labeled corpus, so
the expensive model continuously teaches the cheap one: the escalation rate falls, the corpus
grows from production traffic rather than from an up-front annotation effort, and accuracy com-
pounds with use. Onboarding a new document family requires only a declarative bundle, label
space, anchor phrases, and a judge glossary, not a labeling project. The harder problem is safety:
an autonomously retraining classifier can silently regress. SIFT resolves this with a two-part pro-
mote gate, a critical-label F1 regression check plus a frozen golden regression set the model is
never trained on, either of which vetoes promotion. This turns “retrain monthly without a hu-
man” from reckless into routine. We describe the architecture, the self-feeding corpus loop, the
frozen-gate promotion mechanism, and an illustrative multi-domain deployment, and we discuss

the economics of a classifier whose marginal labeling cost trends toward zero.

KEYWORDS document classification continuous learning LLM-as-judge weak supervision

model cascade active learning eval-gated promotion drift detection
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1 Introduction

Ask why a bank still routes incoming documents by hand, or why an insurer’s intake team manually
sorts faxes, and the answer is almost never that text classification is technically hard. Supervised
classifiers have been reliable for a decade. The answer is that putting one into production requires
two things enterprises struggle to supply: a labeled corpus, which means a labeling project with do-
main experts before a single prediction is served, and a tolerance for retraining, which most organiz-
ations lack because a model that retrains itself can silently get worse. The result is a standoff. The
model is easy; the labeling project is expensive and slow, and the fear of autonomous drift keeps
even a trained model frozen at its launch weights until it quietly decays.

Recent research has supplied the ingredients to break this standoff but not the recipe. Large lan-
guage models used as judges can label data at a fraction of human cost, with reports of 500-to-5000-
fold savings while matching human-to-human agreement!4; LLM-driven active learning reduces the
annotation burden further®9); and the literature is clear that a small, cheap model trained on good
labels often outperforms a large model prompted zero-shot on a narrow domain task. Model cas-
cades, cheap model first and expensive model only when needed, are a well-understood way to
control inference costl’!. Each of these is a paper, not a product, and none of them addresses the
second half of the standoff: how to let the resulting classifier retrain itself without a human signing
off on every cycle, safely.

The bottleneck in production classification is not the model. It is the labeling project
that must come before it and the fear of the retraining that must come after. Remove

the first and tame the second.

SIFT - CORE THESIS

We present SIFT (Self-Improving, Frozen-gate Training), the dynamic classifier service of the
FlowX.AI Platform. SIFT is built on two commitments. The first is that the corpus should assemble
itself from production traffic: a cheap model serves the bulk of predictions, an LLM judge handles
only the uncertain minority, and the judge’s verdicts flow back into the corpus as labeled data, so
accuracy compounds with use and a new document family costs a declarative bundle rather than a
labeling project. The second is that autonomous retraining must be safe by construction: every can-
didate model is scored against a frozen golden set it was never trained on and against a per-class re-
gression check, and either can veto promotion. SIFT thus turns the two things enterprises fear, cold-
start labeling and self-retraining, into routine, governed operations.

1.1 Contributions

= A reframing of the production-classification problem around its real blockers, the up-front la-
beling project and the unsafety of autonomous retraining, rather than model accuracy.

= A cost-tiered serving architecture (SPLADE sparse features into a LightGBM head, with LLM-judge
escalation only on low-confidence pages) whose escalation rate falls as the corpus grows.

= A self-feeding corpus: judge verdicts write back as labeled rows, a bootstrap path labels raw pages
with zero data in, and an active-learning queue routes the hardest pages to humans.
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= A frozen-gate promotion mechanism, a critical-label F1 regression check plus a never-trained-on
golden regression set, that makes autonomous retraining safe.

- Domains expressed as declarative bundles, so a new document family is onboarded without code
or a labeling project, with multi-tenant isolation throughout.
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2 Two Unsolved
Problems

2.1 The cold-start labeling project

A supervised classifier needs labeled examples, and in a regulated enterprise those labels require
domain experts whose time is scarce and expensive. The conventional path, commission a labeling
project, wait weeks, then train, makes every new document family a capital expenditure, which is
why most never get a model at all. Weak supervision!” and active learning!? were designed to reduce
this cost, and LLM judges now reduce it dramatically!34!. But a one-time labeling exercise, however
cheap, still treats the corpus as a fixed artifact built before deployment, when the most representat-
ive labels are precisely the ones production traffic will generate after it.

2.2 The unsafety of autonomous retraining

Suppose the labels exist and a model is trained. The model will decay: document mixes shift, new
sub-types appear, upstream OCR changes. The remedy is retraining, and the cheap way to retrain is
automatically, on a schedule or a trigger. Yet few enterprises permit this, for a sound reason: an auto-
mated retrain can regress a class that matters while improving aggregate accuracy, and no one
notices until a critical document is misrouted. Concept-drift adaptation is well studied!®], but the
operational question, what mechanism makes it safe to promote a freshly trained model without a
human reviewing it, is usually answered with “don’t,” which is why so many production classifiers
are frozen and slowly rotting.

2.3 What is needed

Solving one problem without the other is insufficient. Cheap labeling that still produces a frozen
model decays; safe retraining that still needs an up-front labeling project never starts. SIFT ad-
dresses both at once: a corpus that grows from traffic so labeling is continuous and nearly free, and a
frozen evaluation gate so retraining on that corpus is safe to automate. Table 1 contrasts the ap-
proaches.

Table 1. Approaches against the two real blockers.

Approach Cold-start cost Stays current? Safe to auto-retrain?
One-time labeling + train High No (frozen) N/A
Zero-shot LLM classifier None Yes No model to retrain (slow,
costly per call)
LLM active-learning label set Lower No (still a fixed No explicit gate
set)
SIFT (this work) Near zero Yes (traffic-fed) Yes (frozen gate)
(bundle)
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3 The SIFT
Architecture

SIFT serves and trains a classifier per document family, called a domain, from a single shared kernel.
The serving path is cheap and the expensive judge is the exception, not the rule; the judge’s output
feeds a corpus that the training path consumes; and a scheduler closes the loop. Figure 1 shows the
arrangement.

FIG.1 - SIFT: COST-TIERED SERVING WITH A SELF-FEEDING CORPUS
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Figure 1. The cheap model answers the easy majority on CPU in milliseconds; only low-confidence pages reach the LLM judge.
The judge’s verdicts, human reviews, and bootstrap labels accumulate in a corpus that the training kernel consumes; a sched-
uler fires retrains on row-count, age, or drift; and every candidate must clear the promote gate before the latest pointer moves.
The expensive model teaches the cheap one, and the escalation rate falls over time.

3.1 Domains as data, not code

A domain in SIFT is a declarative bundle: a label space, a few anchor phrases per class for the sparse
encoder, optional regex packs, and a glossary and policy block for the judge. The bundle is data, val-
idated by a schema and round-tripping to and from YAML, so a new document family, freight, legal
NDAs, healthcare claims, is onboarded by uploading a bundle, with no service redeploy and no per-
domain code. One kernel trains and serves them all, and multi-tenant isolation keeps two tenants’
identically-named domains, corpora, and model artifacts strictly separate.

3.2 Cost-tiered serving

Serving is deliberately cheap. A SPLADE sparse encoder!®! turns each page into lexical features, dot-
ted against per-class anchor phrases and combined with regex hit counts and simple length features;
a LightGBM head!®! produces the label and a calibrated confidence, all CPU-bound at milliseconds
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per page. Only when that confidence falls below a threshold does the page escalate to the LLM judge,
which sees the bundle’s allowed-label enum, glossary, and policy. This is a classic cost cascadel”], but
with a twist that the next subsection makes central: the expensive tier’s answers are not discarded
after the response, they become training data for the cheap tier.

3.3 The self-feeding corpus

Every low-confidence judge verdict that clears a minimum-confidence bar is written back to the cor-
pus as a labeled row, tagged by source. A bootstrap path goes further: pointed at a pile of raw, un-
labeled pages, it runs the judge over each with the bundle’s allowed labels and persists the confident
verdicts, producing a first corpus and a first model from zero labeled data in. Human reviewers enter
through an active-learning queue that surfaces the least-confident judge-labeled rows first, so scarce
expert attention lands on the hardest pages and their corrected labels are stamped as ground truth.
The corpus therefore grows fastest exactly where the model is weakest, and because the judge
handles a shrinking fraction of traffic as the cheap model learns, the marginal cost of a new labeled
example trends toward zero.
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4 Safe Autonomous
Retraining

A corpus that grows from traffic is only useful if the model can retrain on it without a human in
every loop, and that is safe only if a bad candidate cannot be promoted. SIFT’s promote gate is the
mechanism that earns the autonomy. Figure 2 shows its logic.

FIG. 2 - THE FROZEN PROMOTE GATE
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Figure 2. A candidate must clear both checks. The bundle’s critical_labels name the classes that must never regress; if any
candidate F1 falls below the current model's, promotion is blocked with the regression deltas. Independently, the candidate is
scored against a frozen golden set carried in the bundle and never used for training; a drop there also vetoes promotion. Auto-
triggered retrains land in a pending-review queue, and only a clean pass moves the live pointer.

4. Critical labels that refuse to regress

Not every class matters equally. A bundle declares a list of critical labels, the classes whose misclas-
sification is expensive, and the gate refuses to promote any candidate whose F1 on a critical label is
below the current model’s. Where there are no critical labels, the gate is permissive and any success-
ful train promotes; where they are declared, a candidate with no evaluation is rejected outright, and
a candidate that regresses a critical class is blocked with explicit per-label deltas. The protection is
targeted: aggregate accuracy can fluctuate freely, but the classes the business cannot afford to get
wrong are held to a ratchet.

4.2 A frozen set the model never sees

The second check guards against the subtle failure where a candidate looks better on data drawn
from the same shifting distribution that produced it. The bundle carries a frozen regression set, a
small collection of golden examples that is never added to the training corpus, and every candidate
is scored against it. A drop on the frozen set, on critical-label F1 or overall accuracy, is a hard veto.
Because the set is immutable and held out by construction, it is a stable yardstick across retrains:
improvement measured against it is real, not an artifact of the corpus drifting underneath the met-

ric.

4.3 Why the gate changes the economics of retraining

With these two checks in place, the calculus of autonomy inverts. A scheduler can fire retrains on
row-count, age, or drift triggers; auto-triggered candidates land in a pending queue and either auto-
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promote when the gate is clean and the configured accuracy improvement is met, or wait for a hu-
man when it is not. The downside risk of an automated retrain, a silently regressed critical class, is
the precise thing the gate forecloses. “Retrain this classifier every month without asking anyone”
stops being a sentence that alarms a risk officer and becomes a configuration default, which is what
lets the self-feeding corpus actually translate into a continuously improving production model.
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5 lllustrative
Application

Consider an operations team that must classify the pages of incoming legal documents, separating
an actual non-disclosure agreement (the critical class, NDA) from pages that merely reference one
(SUPPORTING) and from everything else (MISC). The figures here are illustrative and chosen to
expose the mechanism.

There is no labeling project. The team authors a bundle: three labels, a handful of anchor phrases
(“Non-Disclosure Agreement,” “Confidentiality Agreement”), a regex for the literal heading, a judge
policy clarifying that a page titled “Non-Disclosure Agreement” is an NDA while a passing mention is
SUPPORTING, and NDA as the sole critical label. They point the bootstrap path at a few hundred un-
labeled pages; the judge labels the confident ones, a first corpus forms, and a first model trains, all
without a human labeling a single page. The eval report, a confusion matrix, per-class precision and

recall, and a confidence histogram, is generated automatically for review.

In production the cheap model handles the clear majority of pages in milliseconds; on a well-spe-
cified domain roughly fifteen to twenty-five percent of pages fall below the confidence threshold and
escalate to the judge, each costing a fraction of a cent. Those judge verdicts flow back into the corpus.
A month later the scheduler fires a retrain on the grown corpus and produces a candidate that im-
proves overall accuracy but, the gate discovers, drops NDA F1 by two points: promotion is blocked
with the per-label delta and the candidate waits in the pending queue for a human, exactly as inten-
ded. The team inspects, finds a cluster of mislabeled SUPPORTING pages from an ambiguous tem-
plate, corrects them through the active-learning queue, and the next candidate clears both the critic-
al-label check and the frozen golden set and auto-promotes. Over successive cycles the escalation
rate falls as the cheap model absorbs what the judge taught it, and the team’s only recurring cost is
reviewing the occasional blocked promotion. The classifier got better while nobody ran a labeling
project, and it never once shipped a regression on the class that mattered.
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6 Discussion

The economic shape of SIFT is its point. A conventional classifier front-loads cost (the labeling pro-
ject) and then decays; SIFT amortizes labeling across production traffic at a marginal cost that falls
as the cheap model learns, and the frozen gate converts the recurring cost of staying current from “a
labeling project every quarter” into “reviewing the occasional vetoed promotion.” The LLM judge is
best understood not as the classifier but as a teacher hired by the hour, deployed only on the lessons
the student has not yet learned, and progressively idled as the student improves. This is a different
use of an expensive model than running it on every request, and a far cheaper one at steady state.

SIFT also slots into the broader platform pattern the rest of this series describes. Its eval-gated
promotion mirrors the offline-then-online discipline used for hallucination control, its judge-write-
back loop is a close cousin of recursive self-improvement, and its promotions, audit trail, and per-
tenant isolation make it governable by the same policy engine that governs every other agent. A clas-
sifier that teaches itself is only deployable in a regulated enterprise because the teaching is gated,
audited, and scoped, which is the same reason the other components in the platform are.
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7 Limitations

= Text only. SIFT classifies OCR-derived text; it does not yet use image embeddings, so a domain
that depends on visual layout rather than words is out of scope until multimodal features land.

= The judge can be wrong. Write-back trusts the judge above a confidence bar, so a systematically
biased judge can teach the cheap model its bias. The frozen set and active-learning review are the
checks, but a blind spot shared by judge and golden set would persist.

- The frozen set must be representative. A golden regression set that does not cover an emerging
sub-type cannot veto a regression on it. The set is a fixed yardstick, which is its strength and,
against genuinely novel inputs, its limit.

= Cold-start quality depends on the bundle. Bootstrap quality rests on the anchor phrases, glossary,
and policy an author supplies; a thin bundle yields a noisy first corpus that takes longer to con-
verge.

= Operational footprint. The sparse encoder is the dominant resident cost, and training currently
runs in-process unless the queue mode is enabled; large multi-replica deployments need the
shared artifact store and queue that are on the roadmap.
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8 Conclusion

Production text classification has been held back not by models but by the labeling project that pre-
cedes them and the fear of the retraining that should follow. SIFT removes the first by letting the
corpus assemble itself from production traffic, with an LLM judge teaching a cheap model on exactly
the pages it finds hard, and tames the second with a frozen evaluation gate that makes autonomous
retraining safe by refusing to promote a candidate that regresses a critical class or a held-out golden
set. The result is a classifier whose accuracy compounds with use, whose marginal labeling cost
trends toward zero, and whose self-improvement is governed rather than reckless. Onboarding a
new document family becomes a bundle, not a project, and keeping it accurate becomes a default,
not a campaign.
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Appendix A Anatomy of a Domain
Bundle

A domain is data. The bundle below (abbreviated) is everything needed to onboard a new document
family: no code, no labeling project.

DOMAIN BUNDLE (YAML, ABBREVIATED)

name: legal-nda
version: "1"
critical_labels: [NDA] # classes that must never regress

judge_policy:
extra_instructions: |
A page headed "Non-Disclosure Agreement" is NDA.
Pages that mention NDAs in passing are SUPPORTING.

labels:
- name: NDA
pos_queries: ["Non-Disclosure Agreement", "Confidentiality Agreement"]
regex_pos: ["\bnon[-\s]disclosure\s+agreement\b"]
- name: SUPPORTING
- name: MISC

regression_set: # frozen golden examples, never trained on
- {page_id: g-1, label: NDA, text: "MUTUAL NON-DISCLOSURE..."}

triggers: { enabled: true, min_new_rows_since_last_train: 200, drift_threshold: 0.08 }
auto_promote: { enabled: true, require_accuracy_improvement: true }
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Appendix B The Continuous-Training
Loop

The five steps below run unattended once configured; the gate of Section 4 is what makes step five
safe to automate.

Step What happens Governing knob

1. Judge write-through Low-confidence /classify verdicts persist as labeled rows (source=11m) autolabel min-confidence

2. Trigger scheduler Walks each domain; row-count / age / drift fire a retrain; in-flight jobs triggers block in bundle
block stacking

3. Pending queue Auto-triggered trains land as candidates; one pending per domain (su- auto_promote settings
persede)

4. Frozen gate Critical-label F1 + golden-set score; either drop vetoes promotion critical_labels, regres-

sion_set
5. Drift detection Rolling confidence mean vs training baseline triggers the next cycle drift_threshold, window
Active learning Least-confident rows surfaced for human approve / relabel / reject review queue limit

FlowX.Al

FlowX.Al builds and orchestrates enterprise-grade Al agents for regulated industries, with a focus on banking, finan-
cial services, and insurance. The FlowX.Al Platform pairs LangGraph-native orchestration with specialized Al ser-

vices and the Observatory governance plane, so that capabilities like the dynamic classifier improve continuously

from production traffic while remaining measurable, auditable, and safe by construction.
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