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Abstract

For industrial content risk control, the real de-
ployment constraint is not average accuracy
but how much risk can be auto-handled un-
der high precision and second-level latency.
We present SIRF (Spec-Internalized Risk
Foundation Model), which internalizes a plat-
form’s complex policies, synthesized without
additional human annotation via EntiGraph,
MAGA rewriting and account-level chain-of-
thought (CoT), into the weights via contin-
ued pretraining (CPT), so rules are applied
at high precision under an ultra-low-latency,
verdict-only deployment. A controlled same-
source comparison (Qwen3-8B-SFT vs. SIRF-
8B-SFT, identical policy injection and verdict-
only output form, differing only in policy-
grounded CPT) attributes the gain to inter-
nalization: SIRF-8B-SFT reaches 71.3 Black
Recall@P95, +15.1pp over the baseline, us-
ing only ~70M CPT tokens without harming
general ability, and among included, logprob-
available models under this interface it matches
or exceeds far larger systems. SIRF is deployed
as a tree-model adjudication layer (20% more
mis-penalized samples recovered) and transfers
to a freezing scenario at low cost (~70% rela-
tive mis-penalization reduction).

1 Introduction

Why is “accuracy” not enough for risk control?
Content risk control is a high-stakes decision set-
ting: a false positive wrongly penalizes an innocent
user and directly reduces that user’s experience
and activity, while a false negative leaves a safety
hazard, and both are irreversible. The objective is
therefore not to “make fewer mistakes” on average
but to minimize disturbance to good users while
protecting the ecosystem (a motivation we validate
with the online A/B result in §5.2) — that is, how
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much risk can be auto-handled under high preci-
sion. Yet account-level risk identification is hard:
the specifications are complex (around a hundred
policies), the features are heterogeneous and multi-
source (profile, recent posts, comment interactions,
devices, reports), and a verdict must be returned
within seconds from a full account view. Business
strategies also change frequently, so operators need
to retune the threshold rather than retrain, which
requires a monotone confidence score. Under the
joint constraints of high precision, second-level la-
tency, verdict-only output and a tunable threshold,
applying complex rules at high precision becomes
the deployment bottleneck.

Why do existing routes not fit? Injecting the
policy at inference (long-context or retrieval-
augmented generation, RAG) incurs context and
retrieval overhead that conflicts with the second-
level, single-forward constraint. Dropping the pol-
icy and learning a pure classifier would require
well-covered samples for every policy and every
trigger—exemption branch, a labeling scale that is
hard to meet for long-tail policies. In both, rule
knowledge either lives only transiently in the con-
text or is never systematically injected, leaving the
rules outside the model’s intrinsic capability.

SIRF (Spec-Internalized Risk Foundation
Model) answers this by internalizing the policy
specifications (synthesized without additional hu-
man annotation via EntiGraph + MAGA + CoT)
into the weights via policy-grounded CPT, fol-
lowed by domain supervised fine-tuning (SFT).
The model then applies rules at high precision un-
der an ultra-low-latency, verdict-only deployment
(Figure 1). It is not merely a classifier but a trans-
ferable risk foundation model: the same base, with
light SFT, serves different risk domains.

Contributions.

1. SIRF, a paradigm that internalizes risk-control
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Figure 1: Black (risky) Recall@P95 vs. model size, among
included, logprob-available models under this deployment
interface. SIRF-8B sits above all compared open-weight (4B—
400B) and closed-source models at the high-precision oper-
ating point. Excluded models: Claude, Doubao and GLM,
whose APIs return no token logprobs, so no confidence rank-
ing and hence no Recall@P can be computed; this is an inter-
face limitation, not a capability judgment. Our core attribution
to spec internalization does not rely on these cross-model
comparisons but on the controlled 8B same-source study in
Table 1.

policies into the weights with 70M synthe-
sized tokens and no per-query retrieval.

2. A controlled attribution: a same-source com-
parison differing only in CPT, plus a per-
component corpus ablation (§4.3) isolating
the gain to policy content rather than in-
domain tokens.

3. Transferability: light SFT moves the base
to a new risk domain (~70% relative mis-
penalization reduction).

4. Deployment evidence at second-level latency
(13% prompt cut; +20% release), with gen-
eral knowledge preserved and costs reported
honestly.

2 Related Work

Synthetic CPT and spec internalization.
Domain-adaptive pretraining (DAPT, Gururangan
et al., 2020) continues training on domain corpora;
EntiGraph (Yang et al, 2025b) synthesizes
entity-relation text for synthetic CPT to internalize
domain facts. Closest to us is the concurrent Model
Spec Midtraining (MSM, Li et al., 2026), which
midtrains on synthetic documents about a model
spec to reduce misalignment. SIRF shares this
internalize-then-demonstrate paradigm but differs
in goal: MSM targets general alignment, whereas
SIRF instantiates spec internalization for industrial
risk-control policies under strict deployment
constraints, with a controlled attribution study,
online deployment and cross-domain transfer.

LLM data synthesis. Self-Instruct (Wang et al.,
2023) self-distills instruction data; MAGA (Hao
etal., 2025) expands corpora via multi-genre, multi-
audience rewriting. SIRF specializes these for pol-
icy internalization, with label-leakage control.

Content moderation (guard models). Guard
models from Llama Guard (Inan et al., 2023)
and ShieldGemma (Zeng et al., 2024) to schema-
conditioned classification (Zaratiana et al., 2026),
together with Constitutional Al (Bai et al., 2022)
and RAG (Lewis et al., 2020), all supply the pol-
icy online (via prompt, schema or retrieval) and
focus on classification quality. SIRF instead in-
ternalizes it into the weights (no retrieval, verdict-
only), targets the real operating point, and gives
deployment evidence for an adjudication layer and
cross-domain transfer.

Midtraining, data mixing, and schedule. Work
on what to train on after pretraining and be-
fore alignment — domain reweighting (Xie et al.,
2023), late-training domain upsampling (Blakeney
et al., 2024) and midtraining recipes in open mod-
els (Team OLMo et al., 2024) — finds late-stage
gains sensitive to mixture and schedule rather than
token volume alone. SIRF instantiates this regime
for a deployed risk-control spec at a small bud-
get; §4.3 is the corresponding mixture-sensitivity
check.

Selective classification. Abstaining below a con-
fidence threshold is the classical error—reject trade-
off (Chow, 1970), formalized as selective clas-
sification with a coverage/risk curve (El-Yaniv
and Wiener, 2010) and extended to deep net-
works (Geifman and El-Yaniv, 2017). Recall@P
reads this trade-off in the direction operators care
about: fix precision on the risky class, then ask how
much of it can be auto-handled.

LLM confidence, calibration, and CoT faith-
fulness. LLMs’ verbalized confidence is often
overconfident and poorly calibrated (Xiong et al.,
2024; Tian et al., 2023), and CoT is often unfaithful,
post-hoc rationalizing a decided conclusion (Turpin
et al., 2023); querying the class token probability
better reflects what the model knows (Kadavath
et al., 2022), and guard-model calibration matters
for deployment (Liu et al., 2025). Post-hoc cali-
bration (temperature and Platt scaling (Guo et al.,
2017), isotonic regression (Zadrozny and Elkan,
2002); see also Desai and Durrett, 2020) improves
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Figure 2: The SIRF pipeline: Spec-Internalized CPT — Do-
main SFT — Selective Risk Deployment.

probability quality, but any strictly monotone re-
calibrator leaves Recall @P unchanged (§3.3, Ap-
pendix B): a re-thresholdable operating point needs
a good ranking, not a low ECE. Hence SIRF’s use
of the verbalizer first-token probability as the deci-
sion score.

3 Method

SIRF’s training pipeline is: Base — policy-
grounded CPT (internalizing the policy specifi-
cations into the weights) — domain SFT — de-
ployment (second-level, verdict-only) (Figure 2).
We describe corpus synthesis, training configura-
tion, and deployment in turn.

3.1 Policy Corpus Synthesis

We turn roughly a hundred structured policy specifi-
cations (each with trigger and exemption rules) into
a multi-perspective risk-control knowledge corpus
by automated synthesis, with no additional hu-
man annotation: an LLM pipeline builds the cor-
pus from policy documents and account features,
commissioning no new labelling effort (scope of
that claim below).

Decompose, and decouple stable rules from
volatile strategies. Since rules change often and
retraining each time is costly, we decompose the
policies into fine-grained underlying rules — the
slow-changing judgment logic, e.g. why a behav-
ior is fraud — and separate them from the volatile
strategy layer (whether a risk type is active, how
tight its threshold is). SIRF internalizes the sta-
ble rules into the CPT base and tracks the strategy
layer via dynamic thresholds (§3.3) and light SFT,
synthesizing along three lines.

(1) EntiGraph. For each policy we extract 6-15
key entities in 6 types (violating behavior, account
feature, threshold, concept, user type, exemption),
describe each with its boundaries and confusable

distinctions, analyze cross-entity relations, gener-
ate trigger—exemption boundary samples, and ex-
pand into 7 perspectives (case analysis, counterex-
amples, misjudgment review).

(2) MAGA rewriting. We rewrite each policy in
5 genres x 4 audiences (engineer, moderator, ap-
pealing user, adversarial researcher) for expressive
diversity.

(3) Account-level CoT distillation. We distill
“feature — policy-clause — decision” chains from
real account-level data with a Self-Evolving Ac-
count Data Agent (SEADA): a teacher LLM
(Qwen3.5-397B-A17B) turns account features plus
the decomposed rules into a three-stage chain (risk-
signal check — exemption check — verdict); an
independent LLLM-as-a-judge scores each chain
for clause faithfulness; and a gate on trainabil-
ity, self-consistency and confidence admits only
high-quality samples. Samples carrying internal-
ecosystem labels are removed, and no ground-truth
disposition ever enters the data or the teacher’s
context.

Outputs pass quality control (MD5 dedup, re-
fusal detection, cleaning, label-balanced down-
sampling); generated text must be coherent, must
not add rules beyond the policy, and must match
the real business form.

Scope of the annotation claim. The chains
terminate in a verdict, so their conclusions act
as a weak supervision signal during CPT: self-
generated from features and rules, never condi-
tioned on the ground-truth disposition used for eval-
uation, and carried as fine-grained risk tags rather
than the three-way evaluation label. The claim is
“no new human labels,” not “no supervision” (see
Limitations).

3.2 Training and Corpus

The CPT corpus totals ~70M tokens (~0.0002%
of Qwen3’s ~36T-token corpus; Yang et al.,
2025a): risk-reasoning 46.7M (66.7%), structured
policy knowledge 11.3M (16.1%), anti-forgetting
general corpus 6.8M (9.8%) and public fraud hard
negatives 5.2M (7.4%); ~58M directly internalize
the platform’s rules. Token share overstates how
much of the corpus is CoT: by document count
the CoT block is only 22,674/101,669 ~ 22%,
since one CoT document is far longer than a policy-
knowledge item. CPT uses next-token prediction
for 1 epoch at a conservative LR (1e-5). The SFT



input is {policy}\n{features} and the output is
only the verdict, with loss on response tokens.

Base checkpoint and baseline fairness. All

three 8B models — the zero-shot base, the
SFT baseline (Qwen3-8B-SFT) and SIRF-8B-
SFT — start from the identical checkpoint

Qwen/Qwen3-VL-8B-Instruct, used as a text-
only LLM with the vision tower frozen. The two
fine-tuned arms share the same policy injection,
the same verdict-only output form and exactly the
same SFT data (40,989 samples, same sources
and class balance, 3 epochs); the only difference is
SIRF’s added CPT stage, which is what makes the
gain attributable to it.

3.3 Deployment

Online risk control needs second-level responses
and only a verdict, so SIRF is deployed verdict-
only: the model emits the label and nothing else
(4-5 tokens, no reasoning trace). Rule application
is internalized during CPT, so high-precision judg-
ment needs no intermediate reasoning, matching
the SFT objective (no train/deploy gap).

Confidence: first-token verbalizer probability.
Let y; be the first token the model emits. The de-
cision score is ¢ = p(y;1 | ), which under greedy
decoding equals max, p(v | z) at that position.
This one quantity is used throughout the paper and
online; Appendix B compares it against an aggre-
gate over label strings that we do not deploy. We
avoid CoT confidence: the post-CoT class-token
probability is shaped by the preceding generation
and CoT is often unfaithful (Turpin et al., 2023),
while verbalized confidence is generally overcon-
fident (Xiong et al., 2024; Tian et al., 2023); the
class token probability better reflects the model’s
grasp (Kadavath et al., 2022). The score lets opera-
tors retune without retraining; online we cut at an
extreme percentile of the score distribution (§5.1).
To avoid a clash of notation, “Pz” always denotes
a precision constraint in this paper, and percentile
cutoffs are written as 7, (¢ the percentile).

What the score must satisfy (and what it need
not). Deployment needs not an absolutely cal-
ibrated probability but a ranking from which a
high-precision operating point can be swept and
re-thresholded without retraining. The distinction
matters: Recall @P is invariant under any strictly
monotone recalibration, so temperature or Platt
scaling cuts the expected calibration error (ECE)

by 3-6x in our setting while leaving every op-
erating point exactly where it was (Appendix B).
Hence: inference uses greedy decoding under a
fixed serving configuration, and thresholds are cali-
brated under it and fitted per model on each model’s
own confidence distribution, never transferred; and
since a few fine-grained labels share their first to-
ken, we record the first eight token probabilities
and read the score at the first position that disam-
biguates the predicted class.

4 Experiments and Results

4.1 Experimental Setup

Task and datasets. The task is account-level
three-way risk classification (Black, risky; White,
benign; Gray, borderline) with 20+ fine subclasses.
The main set (n=1000) follows the live production
distribution of a large content-community platform:
Black 596 / Gray 250 / White 154 over 25 fine
classes (Appendix A), so the denominator behind
Black Recall@P95 is 596; ground truth is the live
disposition outcome plus a random human re-check.
A balanced set (n=4638, ~200 per fine class) is a
robustness check (§4.5). Train/test split by time;
data are de-identified with internal-ecosystem la-
bels filtered out.

Metrics. The core metric is per-class Recall@P,
a one-vs-rest sweep run independently per class
rather than one global threshold: for class k we take
the smallest score threshold ¢}, at which the sam-
ples predicted k with score > # reach precision
> P, and report the fraction of all gold-k samples
it recovers (formal definition in Appendix A).! We
focus on Black Recall@P90/P95, plus Macro-F1
and Accuracy; general ability uses 10 public bench-
marks (§4.6) and efficiency uses time-to-first-token
(TTFT), end-to-end latency, throughput (QPS) and
KV-cache memory (§4.4).

Statistical reporting. A paired bootstrap with
1000 resamples gives ABlack Recall@P95 =
+15.1pp, 95% CI [+11.7,+18.5], positive in
1000/1000 resamples. Thresholds are fitted once
on the full set and held fixed inside every resam-
ple, so the interval covers sampling variability of
recall at a fixed operating point but not the vari-
ability of threshold selection. Two caveats follow.
Thresholds are selected on the same n=1000 set
on which recall is reported, which is optimistic;

'E.g., Black Recall@P95 is the recall on risky accounts at
a threshold where Black precision is at least 95%.



transferred unchanged to the independent balanced
set they still hold Black precision > 95% (SIRF
95.7%). And Recall@P95 is a step quantity at a
steep cutoff, so a few boundary samples can move
it; we therefore rest not on a single P95 point but
on the whole sweep (Figure 3), the balanced-set
replication (Appendix C) and the multi-month de-
ployment.

Compared models and fairness. We com-
pare open-weight models (4B—400B) and closed-
source models (GPT-5.4, Kimi-K2.6, Qwen3-Max,
MiniMax-M2.7, DeepSeek-V4-Pro). All see the
same prompt template and policy injection, use
greedy decoding, and are thresholded on their own
score distribution; the only interface difference is
GPT-5.4’s top_logprobs cap of 5 against 20 else-
where. Models whose API returns no token log-
probs (Claude, Doubao, GLM) are excluded —
an interface limitation, not a capability judgment.
Granularity also differs: distinct first-token prob-
ability values are 17.5% for GPT-5.4 versus 66—
76% elsewhere, so GPT-5.4’s identical B@P90 and
B @P95 reflect a coarse interface, whereas for Kimi-
K2.6 and Qwen3.5-397B the same pattern reflects
a real ceiling on high-confidence purity. Cross-
model results corroborate but are not the central
claim.

4.2 Main Results

SIRF-8B-SFT reaches 71.3 Black Recall@P95,
+15.1 points over the same-source, verdict-only
baseline Qwen3-8B-SFT (56.2), with Macro-F1
and Accuracy on par (Table 1).

Main findings. (i) Highest high-precision Black
recall. Black Recall@P95 reaches 71.3, +15.1pp
over Qwen3-8B-SFT and above every included
logprob-available model — Kimi-K2.6 at 66.9,
the 400B Qwen3.5-397B at 55.4 (Figure 1). (ii)
The tighter the threshold, the larger the advantage.
Black recall is flat over P80-P90 and only engages
past ~P93 (Figure 3): SIRF’s high-confidence sam-
ples are purer and hold recall under stricter pre-
cision, so the gap peaks at P95. (iii) The gain
is from what was trained, not how much. 70M
is ~0.0002% of pretraining at LR 1le-5 and gen-
eral ability is nearly unchanged (Figure 4); §4.3
shows policy-free in-domain tokens buy nothing,
and Logit Lens corroborates the mechanism (Ap-
pendix F).

(iv) No loss of basic classification; the White
regression is confined to the extreme cutoff. Macro-
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Figure 3: Black recall vs. precision constraint for the three
same-source 8B arms (Qwen3-VL-8B-Inst. — Qwen3-8B-
SFT — SIRF-8B-SFT); the gap is largest at P95 (+15.1pp).

F1 (80.4 vs 81.9) and Accuracy (83.5 vs 84.0) are
on par. White Recall@P95 drops (20.1 vs 27.3),
in apparent tension with the release path of §5.1;
sweeping the White operating point resolves this
as a mismatch, not a conflict. At matched precision
White recall is 68.2 vs 59.1 at P85 and 54.5 vs 46.8
at P90 (White precision 85.4/85.0, 90.3/90.0), so
SIRF is the better White judge across the release
band and loses only at the steepest cutoff — the
same right-shift mechanism as (ii). Human-review
load does not grow, since SIRF acts only on the
two confident ends.

Confidence is higher and more usable as a
threshold. SIRF’s top-1 score distribution shifts
right of the baseline’s (mean 0.788—0.814), is
higher on 662/1000 samples, and the lift concen-
trates where SIRF is correct rather than spreading
as indiscriminate overconfidence (Appendices B
and D). This underpins finding (ii) and the extreme
online cutoffs (§5.1).

4.3 Where Does the Gain Come From?
Per-Component CPT Ablation

Table 1 varies CPT as a single block, which sup-
ports “CPT helps” but not “the spec was inter-
nalized”: since account-level CoT dominates the
corpus by token count, the gain could equally
come from distilled in-domain reasoning. We
therefore replaced the CPT corpus component by
component, holding the base, the SFT data and
schedule, and the evaluation set fixed. Black Re-
call@P95 is 56.2 with no CPT, 55.7 for domain-
only (fraud plus general corpus, no policy), 64.6 for
EntiGraph+MAGA only, 69.5 for CoT only, 70.6
without CoT and 71.3 for the full corpus; across
arms B @P90 stays within 81.2-84.7 and Macro-F1
within 79.7-81.9 (Appendix G).



Model B@P90 B@PY5 W@P90 W®@P95 G@P90 G@P95 M-FlI Acc
GPT-5.4 525 525 6.5 3.9 04 04 637 657
Kimi-K2.6 66.9 66.9 272 252 0.0 00 700 733
Qwen3-Max 495 495 19 19 24 24 616 633
MiniMax-M2.7 552 433 0.6 0.6 10.8 60 638 654
DeepSeek-V4-Pro 315 205 6.5 6.5 7.6 20 421 415
Qwen3.5-397B-A17B 554 554 392 30.1 36 20 662 68.1
Qwen3-VL-8B-Inst. (0-shot) 483 389 143 13.0 0.0 00 554 565
Qwen3-8B-SFT 834 56.2 46.8 273 328 180 819 84.0
SIRF-8B-SFT 84.7 713 545 20.1 324 192 804 835

Table 1: Main results (n=1000, Recall@P %). B/W/G = Black/White/Gray, M-F1 = Macro-F1; bold = best in column.
Upper block: closed-source APIs and very large open-weight models; lower block: the 8B same-source comparison, all three
arms starting from the same Qwen3-VL-8B-Instruct checkpoint (§3.2) and differing only in what training is applied. Only
logprob-available models are included (§4.1). The central claim is the same-source Qwen3-8B-SFT vs. SIRF-8B-SFT comparison
(differing only in CPT); cross-model numbers are corroboration under this interface, not a leaderboard.

This separates “what was trained” from “how
much”. In-domain tokens on their own buy noth-
ing: domain-only is indistinguishable from no CPT,
although that is exactly the arm the “in-domain
reasoning distillation” reading predicts should cap-
ture most of the gain. They are not inert once
policy content is present (w/o CoT sits 6.0pp above
EntiGraph-+-MAGA alone), but that difference is
within the step-noise of the metric and we do not
build on it. Both policy-carrying arms improve
over no CPT — declarative (EntiGraph+MAGA)
and procedural (account-level CoT, whose chains
ground each verdict in policy clauses) — and the
full corpus is highest, though the ablation does
not order the two carriers. A mechanism check
agrees: the CPT-only model (no SFT) emits pol-
icy codes such as “P-0” and cannot classify at all
(100% non-classification first tokens), i.e., CPT in-
stalls policy knowledge and SFT the output routing
(Appendix F).

4.4 Inference Efficiency

Internalization means the online prompt no longer
needs the full policy to invoke the rules. We deploy
a conservative reduced policy: trimming redun-
dant phrasing while keeping all rule details, cut-
ting the prompt by 13% (10.7k—9.0k characters
of policy). B@P90 (84.7—84.6) and Accuracy
(83.5—83.3) are essentially unchanged, while the
strictest operating point costs 71.3—66.9 — stated
plainly rather than as slight, since —4.4pp is about
30% of the headline gain.

Since the KV footprint is almost entirely the
prompt, this maps directly to high-concurrency
speedups: median end-to-end latency improves
18.8%/]12.6%/{18.2% at concurrency 16/32/100,
QPS rises +14%—+23% for concurrency >16,
and per-request KV cache drops ~13%, raising
the maximum concurrency from 381 to 436 (Ap-
pendix E).

(a) 8B

(b) 14B (c) 32B

Figure 4: Anti-forgetting radars at 8B, 14B, and 32B: general
ability before/after CPT almost fully overlaps.

4.5 Per-Class Diagnosis

Deployment also depends on per-subclass behav-
ior, which sets operators’ disposition confidence
per risk class. On the balanced set’s 24 fine classes,
SIRF gains A > +3 on 6, loses on 4 and is flat
on the rest, with class-average recall on par with
the baseline; gains concentrate on high-risk classes
(infant conditioning +8.8, qualification documents
+6.6, debt relief and fund recovery +6.5) while
drops are mostly low-risk types (per-class table in
Appendix C). With ~200 samples per class the
claim is consistency of direction, not per-class sig-
nificance: deltas of 4+4 to 6.6 are within sampling
noise and only the largest are individually mean-
ingful.

4.6 General-Knowledge Retention

Does domain CPT harm general knowledge? We
evaluate before/after CPT at 8B / 14B / 32B on 10
public benchmarks: C-Eval (Huang et al., 2023),
CMMLU (Li et al., 2024), AGIEval-CN (Zhong
et al., 2024), MMLU (Hendrycks et al., 2020),
MMLU-Pro (Wang et al., 2024), GSM8K (Cobbe
et al., 2021), HellaSwag (Zellers et al., 2019),
WinoGrande (Sakaguchi et al., 2021), ARC-
Challenge (Clark et al., 2018), TriviaQA (Joshi
et al., 2017). The radars overlap almost fully at
every scale (Figure 4): at 8B most benchmarks
are flat or slightly up (AGIEval-CN +4.8, GSM8K
+2.2, HellaSwag +2.9) and only MMLU-Pro drops



(—3.6); this holds at 14B / 32B. Targeted internal-
ization at this budget therefore costs little general
ability, which is what makes the base transferable.
Text-only CPT does weaken instruction-following
(see Limitations), which matters little for a verdict-
only deployment.

5 Production Deployment Evidence

SIRF is deployed in two online domains: (a) flow
control (SIRF as a tree-model adjudication layer)
and (b) freezing (cross-domain transfer), both run-
ning for multiple months with no degradation of
the high-precision gains. For compliance we re-
port relative magnitudes, the order of magnitude of
affected traffic, the runtime in months and the ran-
domization scheme, but not absolute volumes, busi-
ness impact, exact thresholds, per-channel break-
downs or confidence intervals. This section corrob-
orates that the system works in production rather
than measuring an effect size; the quantitative
claims rest on §4.

5.1 Flow Control: Adjudication Layer

After a coarse hit by the tree model, SIRF adju-
dicates again (Figure 2) under ultra-conservative
per-class cutoffs, routing hit traffic three ways —
auto-escalate high-confidence Black, release high-
confidence White, keep the rest under the original
flow control. Each cutoff is set on its own class’s
score distribution (Black at the 799 percentile of the
Black scores, White analogously), so the two auto-
handled arms come from different sub-populations,
not from one top-1% slice of all hits. On hit traffic
at the hundred-thousand-user scale, auto-escalation
covers about 10% of all hits and release recov-
ers good samples equivalent to +20% of the tree
model’s original false positives.

Why Gray is never auto-disposed. Gray recall
at strict precision is low for every model in Table 1
(0-19.2 at P95). This is a property of the class,
not a defect: Gray is the “undecided” bucket, so
its score mass sits mid-distribution and no useful
threshold exists. Gray therefore stays in the origi-
nal tree-model flow — practitioners should route a
Gray-like class, not threshold it.

Which White operating point the release path
uses. The release arm needs high White preci-
sion and runs in the P85-P90 band, not at the P95
cutoff — exactly the band where SIRF beats the
baseline on White recall at matched precision. That

is the mechanism behind the +20% release figure,
and why the White Recall@P95 regression adds
no human-review volume: mid-confidence White
cases were never in the auto-release path.

5.2 Freezing: Cross-Domain Transfer

We transfer the same SIRF base to the freezing do-
main with only light in-domain SFT and no CPT
rerun: mis-penalization drops by about 70% rel-
atively, releasing a cumulative million-user scale
online.

An online A/B experiment validates these re-
leased users: a random split into treatment (SIRF
adjudication with high-confidence releases) and
control (original policy) over the same population
and window, with no other model or policy change
rolled out and no significant between-arm shift in
traffic mix, upstream thresholds or seasonal events.
The treatment group is significantly better on core
metrics such as weekly active penetration (a rela-
tive lift in the high-single-digit to low-double-digit
range), showing SIRF recovers mis-frozen high-
value active users.

This is a first validation of SIRF as a risk founda-
tion model (multi-domain transfer is future work),
confirming the introduction’s motivation: fewer
false positives directly improve normal users’ ex-
perience and activity.

6 Conclusion

SIRF internalizes a platform’s risk-control policies
into the weights with only 70M synthesized tokens,
so that under second-level latency and verdict-only
output it recalls more risk at the high-precision
operating point (+15.1pp Black Recall@P95 over
the same-source baseline) while preserving gen-
eral knowledge, with a per-component ablation at-
tributing the gain to policy content rather than extra
in-domain tokens. A spec-internalized base fits in-
dustrial risk control better than pursuing average
accuracy.

Limitations

Sensitivity of the operating-point metric. Black
Recall@P95 is a steep-cutoff quantity and is
therefore sensitive to a few boundary samples
at n=1000. We consequently do not rest on
that single point but on combined evidence: con-
sistent dominance across P80-P95, the fixed-
threshold paired difference (415.1pp, 95% CI
[+11.7,418.5]), the balanced-set replication (Ap-



pendix C) and the multi-month deployment. The
thresholds are also fitted and evaluated on the same
set; transferred unchanged to the independent bal-
anced set they still hold Black precision > 95%. A
larger, multi-period evaluation set remains future
work.

Supervision. CPT uses no additional human an-
notation, but the SEADA chains terminate in ver-
dicts that act as a self-generated, quality-gated
weak supervision signal (§3.1); the ground-truth
disposition never enters the data or the teacher’s
context.

The score is a ranking, not a probability. Re-
call@P is invariant to any strictly monotone recal-
ibration, so absolute calibration was never the de-
sign target; diagnostics are reported in Appendix B
for completeness. A post-hoc calibrator, or a
marginal aggregation over label strings, is an or-
thogonal enhancement rather than a prerequisite
for the deployed operating point.

Costs of the deployed stance. Text-only CPT
preserves knowledge and reasoning but weakens
instruction-following (§4.6); this is tolerable be-
cause deployment emits a single verdict. The re-
duced policy trades —4.4pp at P95 (71.3—66.9,
roughly 30% of the same-source gain) for a 13%
prompt cut.

Scope and reproducibility. Comparison cover-
age is interface-limited: Claude, Doubao and GLM
return no token logprobs and could not be included.
All experiments use the policies of a single Chinese-
language platform, and the foundation-model claim
rests on a first transfer scenario (§5.2). The data
are proprietary and no code or model is released;
we document the prompt structure and serialization
conventions instead (Appendix H).

Ethical Considerations

Content risk control directly affects users’ speech
and account rights, and a misjudgment may
wrongly penalize a legitimate user, so the boundary
and accountability of automated decisions are es-
pecially important. SIRF adopts ultra-conservative
thresholds online, concentrating automatic execu-
tion on the samples the model is most confident
about, to reduce false-positive risk. On data, the
account data used for training and evaluation are
anonymized and used only for risk assessment,
with no individual profiling or secondary use. We

also note that policies and labels may carry the
value judgments and preferences of a specific plat-
form, so the model may perform unevenly across
populations or content types; when transferring
SIRF to other platforms or scenarios, its fairness
should be re-examined and the policy re-calibrated.
Finally, a risk-control system faces the dual risks
of over-enforcement that harms legitimate users
and under-blocking that harms the ecosystem; the
trade-off should be decided jointly by the specific
business’s value orientation and human oversight,
rather than left entirely to the model.
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A Evaluation Protocol and Set
Composition

Formal definition of Recall@P. Let y; be the
predicted label, y; the gold label and ¢; the decision
score (§3.3) of sample ¢. For class k£ and target
precision P, let Ag(t) = {i : §; = k, ¢ > t}
be the accepted set at threshold ¢, with precision
precy(t) = |{i € Ar(t) : yi = k}|/|Ax(t)|. Then

% = min{t : prec,(t) > P},
_ Hie A(t) : yi = K}
i yi = Kk}

Taking the smallest feasible ¢ makes the accepted
set as large as the precision constraint allows. Each
class is thresholded on its own score distribution,
and each model on its own; no threshold is shared
across classes or transferred across models.

The main set (n=1000) is a production-
distribution sample from a single time window. Its
three-way composition is Black 596 / Gray 250 /
White 154, so the denominators of the Recall @P
columns in Table 1 are 596, 250 and 154 respec-
tively; its ground truth is the live disposition out-
come plus a random human re-check. Under the
mapping used throughout, the single undisclosed-
merchant subclass forms Gray, the benign class
forms White, and the remaining 23 fine-grained
subclasses form Black.

Because that production distribution is heavily
long-tailed, the smaller Black subclasses carry too
few samples for per-subclass conclusions on this
set, so we make none: all per-subclass analysis
(84.5) uses the balanced set instead, which holds
~200 samples per fine class by construction. The
three-way supports above are what the headline
metrics depend on, and they are large enough for
the Black and Gray columns; the White column
rests on 154 samples and should be read with that
in mind.

Recall@ P (k)

B Calibration and Confidence Variants

This appendix reports calibration diagnostics for
the decision score and compares it against equally
cheap alternatives (Table 2). The result is worth
stating bluntly: SIRF is less well calibrated in ab-
solute terms than its same-source baseline, and this
does not affect the operating point.

Three findings. (i) SIRF is more over-confident:
its ECE rises from 0.128 to 0.176, because CPT
raises confidence across the board while accuracy
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Score Model ECE Brier
Qwen3-8B-SFT  0.128 0.197

first-token prob. SIRF-8B-SFT  0.176 0.214
. Qwen3-8B-SFT 0.038  —

+ Platt scaling SIRF-8B-SFT ~ 0.029  —
1 isotonic Qwen3-8B-SFT 0.033 —
SIRF-8B-SFT  0.034  —

arsinal over labels QVEN3-SB-SFT 0081 0123
g SIRF-8B-SFT  0.086 0.131

Table 2: Calibration of the decision score (n=1000, 10 equal-
width bins, correctness of the emitted fine-grained label). Post-
hoc calibrators are fitted on one random half and evaluated on
the other. Temperature scaling behaves like Platt scaling and
is omitted.

stays flat. (i1) Monotone recalibration is free but
useless here: Platt and temperature scaling reduce
ECE by 3.4 x for the baseline and 6.1 for SIRF,
yet they are strictly increasing functions of the raw
score and therefore leave Recall @P at every preci-
sion level exactly unchanged — a re-thresholdable
operating point depends on the ranking, not on the
probability values, which is why we keep the raw
score online and why a low ECE was never the de-
sign target. (iii) The aggregation matters more than
the calibrator: summing the first-token probability
mass over all label strings of a class (“marginal
over labels”) is equally cheap, better calibrated,
and changes the ranking, unlike the monotone cali-
brators. We did not use it in the deployed system,
whose thresholds were calibrated on the first-token
score, but we recommend it as the default for any-
one reusing this recipe.

C Balanced-Set Replication

The balanced set (n=4638, ~200 per fine class) is
a complementary robustness check. Table 3 gives
its numbers. The direction of the same-source com-
parison is reproduced (SIRF above Qwen3-8B-SFT,
both far above the zero-shot base) with a much
smaller margin than on the production-distribution
set, and Recall@P90 equals Recall@P95 for ev-
ery model here, i.e., the precision constraint is not
binding on this distribution. Thresholds fitted on
the main set and transferred unchanged to this set
still hold Black precision > 95% (SIRF 95.7%),
which is the cross-dataset check referenced in §4.1.

Table 4 lists the six most-improved fine classes
referenced in §4.5.

D Confidence-Reliability Analysis

This appendix gives the full first-token confi-
dence analysis summarized in §4.2. Against the



Model B@P90 B@P95
Qwen3-VL-8B-Inst. (0-shot) 42.0 42.0
Qwen3-8B-SFT 78.1 78.1
SIRF-8B-SFT 79.5 79.5
SIRF-14B-SFT 78.8 78.8
SIRF-32B-SFT 79.1 79.1

Table 3: Black Recall@P on the balanced set (n=4638).

Model Cl C2 C3 C4 C5 Co
Qwen3-8B-SFT 4.1 6.7 11.0 0.0 35.0 70.5
SIRF-8B-SFT 129 13.3 17.5 6.5 40.0 74.5
A +8.8 +6.6 +6.5 +6.5 +5.0 +4.0

Table 4: Per-class Recall@P95 on the balanced set, the 6
most-improved classes, A = SIRF — baseline. C1-C6: infant
conditioning, qualification documents, debt relief, fund recov-
ery, counterfeit marketing, fortune-telling.

Top-1 Prob ECOF

Per:sample Top-1 Confidence: SIRF vs Qwen3-88-SFT

(a) Top-1 probability ECDF.

Figure 5: First-token top-1 confidence: (a) SIRF’'s ECDF
is right-shifted over the whole range; (b) per-sample scatter
(quadrant-colored), most points above the diagonal.

(b) Per-sample scatter.

same-source baseline Qwen3-8B-SFT, we observe
four consistent signals. (i) Overall right-shift:
SIRF’s top-1 probability mean 0.788—0.814, me-
dian 0.851—0.900, with the empirical cumulative
distribution function (ECDF) to the right over the
whole range (Figure 5a) and more mass in the high-
confidence bins (Figure 6a). (ii) Per-sample dom-
inance: SIRF exceeds the baseline on 662/1000
samples, with most points above the diagonal (Fig-
ure 5b). (iii) The lift aligns with reliability: it is
largest where SIRF alone is correct (+0.045) and
modest when both are correct (+0.020), not indis-
criminate overconfidence. (iv) Cross-label consis-
tency: SIRF’s mean confidence exceeds the base-
line on most high-frequency labels (Figure 6b),
with only a very few classes flat or slightly lower.
Together these underpin finding 2 and the extreme
percentile cutoff used online (§5.1).

E Efficiency Curves

This appendix gives the per-concurrency numbers
(Table 5) and the full curves of the §4.4 efficiency
experiments. The main text reports only a few
representative concurrency points; here we show
the full prompt-length distribution (Figure 7) and
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Periabel Mean Top-1 Confidence

M

SIRF Confidence Advantage over Qwen3-88-SFT

(a) Top-1 probability his-

togram. (b) Per-label mean confidence.

Figure 6: (a) SIRF has more mass in high-confidence bins;
(b) per-label mean top-1 confidence with SIRF’s advantage
consistent across labels.

Prompt Token Length Distribution Per-sample Length: Full vs Reduced

Y= (no reduction)
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7 6000
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Figure 7: Prompt token-length distribution (full vs. reduced):
the distributions have the same shape and only shift left, i.e.,
reduction is an approximately proportional trim per prompt.

the absolute curves of each efficiency metric vs.
concurrency (Figures 8 and 9), to let readers verify
the trend and robustness of the gains.

Concurrency TTFT E2E lat. (pS0) QPS
1 15.6% 12.6% 178.5%

16 [26.8% 188% 118.9%

32 13.6% 112.6%  122.5%

64 110.3% 112.5%  114.3%

100 117.0% H82%  123.2%

Table 5: Relative inference-performance improvement of re-
duced vs. full policy at different concurrency. TTFT and end-
to-end latency are medians (p50). The stable gain of prompt
reduction appears in the production-relevant high-concurrency
range (>16); the single-concurrency QPS is noisy and for
reference only.

Setup. We compare two online tiers: full pol-
icy (full policy, mean single-prompt 8122 tokens)
and reduced policy (reduced tier, trimming only
redundant phrasing while keeping all rule de-
tails, mean 7093 tokens, |13%). Both use the
same SIRF-8B model and the same evaluation set
(n=1000). Stress testing runs on SGLang (Zheng
et al., 2024), hardware 8xL20Y, tensor paral-
lel TP=8, max_running_requests=400, clas-
sification output ~4-5 tokens; concurrency €
{1,4,16,32,64,100}, 200 requests per tier per
concurrency with 5 warmup. Unless noted, TTFT
and end-to-end latency are medians (p50); we
also report p90 to reflect the tail. The single-
concurrency tier is noisy, so its QPS is for refer-
ence only; production cares about the >16 high-
concurrency range.



(b) End-to-end latency vs. con-

(a) TTFT vs. concurrency.  currency.

Figure 8: Latency vs. concurrency (p50/p90). (a) In the high-
concurrency range (>16) the reduced tier’s TTFT is stably
lower, with the p90 gap exceeding p50 (larger gains on tail
latency). (b) End-to-end latency improvement grows mono-
tonically with concurrency, reaching ~J18% p50 at 100.

(b) Peak GPU memory (per

(a) Throughput (QPS). card).

Figure 9: Throughput and memory vs. concurrency. (a) In the
high-concurrency range the reduced tier’s QPS is stably higher
(+14%—+23%); the single-concurrency point is reference
only. (b) Memory is not the bottleneck in this range; the value
of reduction shows up as a higher concurrency ceiling under
the same budget.

Overall, the five figures consistently corroborate
the §4.4 conclusion from four dimensions (prompt
distribution, latency, throughput, memory capac-
ity): a mere 13% token reduction, with a quantified
4.4pp B@P95 trade-off while preserving B@P90
and accuracy (§4.4), yields stable high-concurrency
latency and throughput gains, and leaves headroom
for scaling concurrency.

F Interpretability via Logit Lens

Sections 4.2—4.4 argue SIRF’s effectiveness from
external metrics (Black recall, latency and through-
put); this appendix gives mechanism-level evidence
from internal representations, answering: where
exactly does CPT “learn” the policy into the model?
Our conclusion: CPT not only fixes the behav-
ior at the final output, but injects policy-clause-
corresponding semantic signals into mid-to-late
representation layers; SFT builds the routing for
“emitting the decision label at the output position.”
Neither alone suffices; combined, SFT’s learned
routing lands on CPT’s injected, policy-aligned
representations.

Method: Logit Lens. We probe the model with
Logit Lens: project the residual stream (at the
position about to predict the next token, after
each transformer block) back to the vocabulary

token probability

Figure 10: Ground-truth label probability across layers for
three representative samples and four models. Rows: true
label (White, Gray, Black); columns: model (Base, CPT, SFT,
SIRF). Each subplot plots the “correct-label first character”
probability under Logit Lens per layer; the dashed line is the
emergence threshold 0.1, and the title’s P(groundtruth) is the
final-layer probability.

through the model’s own final LayerNorm and
Im_head, obtaining that layer’s vocabulary distribu-
tion. Reading the probability of the “decision-label
first-character” token shows in how many layers
and with what strength the correct decision sig-
nal emerges. We use the same dialogue template
as in training/inference and set the probe at the
first token of the decision label, ensuring same-
distribution with deployment. To verify reliabil-
ity, we checked the last-layer prediction against
the model’s actual inference output, with a 97.6%
agreement on the decision-label first character, in-
dicating Logit Lens faithfully reflects the model’s
real computation path.

2 x 2 factorial model matrix. To cleanly sep-
arate the contributions of CPT and SFT, we
probe four models the same way: Base (the
shared checkpoint Qwen3-VL-8B-Instruct, §3.2),
CPT (Base+CPT), SFT (Base+SFT), SIRF
(Base4+CPT+SFT, main model). The target to-
kens for decision labels and the policy-keyword
list are pre-registered in a config before the experi-
ment, forbidden to be adjusted post-hoc, to rule out
cherry-picking.
Figure 10 reveals three key phenomena:

1. CPT improves signal “strength,” not “earlier
appearance.” In the Gray and Black rows, the
correct-label signal for both SFT and SIRF
emerges near .30, but SIRF’s final-layer prob-
ability is markedly higher (Gray: 0.66 vs 0.40;
Black: 0.50 vs 0.35). So CPT’s contribution
is not earlier emergence but stronger, more
robust signal after emergence, consistent with
the intuition that CPT injects more stable se-
mantic representations.



2. CPT alone does not emit labels ( “knowledge
but no routing”). The CPT column has near-
zero correct-label probability throughout, with
its final prediction often on irrelevant tokens
such as markdown title symbols. This shows
CPT changed the model’s knowledge and ex-
pression preferences but did not build the
structural mapping of “outputting the decision-
label first character at the assistant start”; this
routing is learned only by SFT.

SFT builds routing but is easily hijacked by
surface cues; CPT+SFT is stable. The SFT
column gives the correct label at the end but
with lower probability and is sometimes bi-
ased to a wrong label by surface cues; the
SIRF column (CPT+SFT) gives the highest,
cleanest correct signal on all three classes.
This is the internal mechanism correspond-
ing to SIRF recalling more risk than SFT at
the high-precision operating point in §4.2.

Caveats. Logit Lens reflects only the token prob-
ability after projecting the residual to the vocab-
ulary; it is evidence of CPT-induced layer-wise
emergence rather than a strict “feature localization,”
and the decision signal is approximated by the label
first character (a few labels sharing a first charac-
ter have slight confusion). These do not affect the
above cross-model relative comparison, but valida-
tion with larger scale and stronger causal methods
is future work.

G Per-Component CPT Ablation

Table 6 is the full version of the ablation sum-
marized in §4.3, together with the training recipe
shared by all arms.

CPT corpus B@P95 B@P90 M-F1
no CPT (Qwen3-8B-SFT) 56.2 834 819
domain-only (no policy) 55.7 83.6 804
EntiGraph+MAGA only 64.6 832 80.7
CoT only 69.5 83.6 80.9
w/o CoT 70.6 81.2 79.7
full CPT (SIRF-8B) 71.3 84.7 804

Table 6: Per-component CPT ablation (n=1000): the CPT
corpus is varied while the 8B base, the SFT data and schedule,
and the evaluation set are held fixed. End rows are the Table 1
runs. Since Recall@P95 is a step quantity (§4.1), adjacent
middle rows are not a precise ranking.

Training details. All arms in Table 6 use the
identical recipe: CPT with next-token prediction,
full-parameter, 1 epoch, LR 1e-5, cosine schedule,
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warmup 0.03, cutoff 4096 with packing; then SFT,
full-parameter, 3 epochs, LR 1le-5, cutoff 16384,
on the same 40,989-sample set, with an effective
batch size of 512 in both stages. The CPT blocks
are: account-level CoT 22,674 documents (~51M
characters), EntiGraph+MAGA 10,041 (~17.5M),
public fraud corpus 59,104 (~7.1M), general anti-
forgetting corpus 9,850 (~10.5M).

H Prompt and Feature Serialization

The account data are proprietary and cannot be
released, and the exact feature schema is business-
confidential, so we specify the input structure
rather than the individual fields. The prompt is
{policy}\n{features} and the target is the ver-
dict label alone. The feature block serializes a
heterogeneous account view into a fixed sequence
of bracketed sections, one per signal domain — ac-
count profile, published content and media, interac-
tion traces, and abuse-report signals — and within
each section one line per field, in a fixed order, of
the form - <field>: <value>. Recent content is
rendered as a title/body pair per item, with explicit
markers for missing or restricted items.

Three conventions matter more for reproduc-
tion than the field list itself. Empty domains are
rendered explicitly as empty rather than dropped,
so the section layout is identical across accounts
and the model can distinguish “no signal” from
“field absent”. The recent-content window is fixed-
length (the most recent 10 items) rather than token-
budgeted, which is what keeps prompt length
roughly stable (mean ~12.1k characters with the
full policy, of which ~10.7k is the policy). All iden-
tifiers are removed or pseudonymized before serial-
ization, and internal-ecosystem labels are stripped
so that no system label can leak through the feature
block (§3.1).
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