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Abstract

Seller-authored product titles often contradict
their own bullet points (a title reading “128GB”
against a bullet claiming “512GB”), which mis-
leads shoppers and drives returns. At catalog
scale, detection is precision-binding: even a
small false-positive rate flags a huge absolute
volume of good listings. We deploy a two-stage
cascade on one national storefront of a large
e-commerce marketplace: a compact 4B de-
tector flags candidates and a strong reasoning
model (DeepSeek R1) verifies them, reaching
>99% precision while scoring all 36M listings.
Verification is the expensive stage, so our goal
is to fold it into the cheap model and run on
the 4B detector alone; until then, every gain in
the detector’s recall catches more defects per
verifier call and lifts coverage. We improve that
first stage with Contrastive Token Weighting
(CTW), a per-token credit-assignment method
for GRPO. GRPO spreads one sequence-level
advantage uniformly across a completion, even
though only a few pivoral tokens decide cor-
rectness; CTW instead reads credit from a sig-
nal the reward already computes, the split of
each sampled group into correct and incorrect
completions, and upweights positions where a
frozen scorer tells the two apart. The scorer
can be a separate stronger teacher (CTW-T) or,
when none is available, a frozen copy of the stu-
dent itself (CTW-S, teacher-free); the teacher-
free variant is the one we deploy, and it lifts the
detector to 85.9 F1 (+2.2 over SFT, with the
gain concentrated in recall, +3.4). A controlled
math study shows the reward-induced partition,
not the reweighting itself, is what drives the
gain.

1 Introduction

Online marketplaces ask sellers to describe a prod-
uct twice: a short title and a longer set of feature
bullets. The two should agree, but at catalog scale
they often do not: a title promising “128GB Stor-
age” against a bullet advertising “512GB Internal

Memory”, or a polo sold as “Cotton” that a bul-
let lists as a cotton—polyester blend. Scanning a
national storefront of a large e-commerce market-
place, we find that 2.74M of its 36M active listings
(7.6%) carry a title-bullet contradiction of this kind.
Each one is a small breach of trust at the moment a
customer decides to buy, and the cost of a wrong
call is lopsided: a missed contradiction reaches
the customer, while a false flag only lands a good
listing in a seller-facing review queue. At catalog
scale even a small false-positive rate flags a huge
absolute volume of good listings, so production
precision must stay very high (we hold it above
99%) while recall still has to climb to catch real
defects.

We meet both constraints today with a two-
stage cascade: a compact 4B model flags candi-
date inconsistencies, and a strong reasoning model,
DeepSeek R1 (DeepSeek-Al, 2025), verifies each
flag. Verification is the expensive part: R1 is ~16x
slower than the 4B detector on the same hardware
and needs high-end datacenter GPUs, while the
4B model runs on commodity nodes. We would
therefore like to collapse the cascade into a single
4B detector and retire R1; until then, every gain in
the detector’s recall lifts coverage while moving
toward that endpoint. This paper is about improv-
ing that first stage with a better credit-assignment
method for RL, and what we learned deploying it.

The verdict on each listing turns on a handful
of pivotal tokens buried in otherwise interchange-
able prose, so we train the detector with reinforce-
ment learning on top of supervised fine-tuning
(SFT) (Chu et al., 2025). The production verifier
already supplies an exact binary reward, making
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) a natural fit. But GRPO applies one
sequence-level advantage uniformly to every token,
so of a ~150-token output it credits the ~10 de-
cision tokens no more than the boilerplate. The
obvious fix, concentrating learning where student
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and teacher most disagree by KL divergence, gave
us no lift, because KL tracks stylistic disagreement
rather than reasoning (Section 2).

Our method, Contrastive Token Weighting
(CTW), instead reads credit from a signal that
GRPO uses only at sequence level: the split of each
sampled group into correct and incorrect comple-
tions. A frozen scorer’s per-token log-probabilities
are compared across the two subsets, and positions
where the log-probability gap is largest receive
higher weight in the loss. The scorer can be a sep-
arate stronger teacher (CTW-T) or a frozen copy
of the student itself (CTW-S, teacher-free); since
our production reward model does not share the de-
tector’s tokenizer, we deploy CTW-S, and it trails
CTW-T by little (Section 4).

This paper makes three contributions. (i) We
deploy a CTW-S-trained 4B detector behind a
reasoning-model verifier on a national storefront of
a large e-commerce marketplace, reaching >99%
precision while scoring all 36M listings and flag-
ging 2.74M inconsistencies (Section 3). (ii) We
introduce CTW, which derives per-token credit
from the within-group correct/incorrect partition
through a frozen scorer’s log-probability contrast,
motivated by a negative result (KL-based reweight-
ing fails); its teacher-free variant CTW-S replaces
the teacher with a frozen copy of the student, so
no external model is needed at training time (Sec-
tion 2). (iii) CTW-S lifts the deployed detector to
85.9 F1 (+2.2 over SFT, +3.4 recall); on MATH
both CTW-T and CTW-S beat GRPO, DAPO, Dr.
GRPO, and A-GRPO (Yu et al., 2025; Liu et al.,
2025¢; Wang et al., 2025b), and a shuffled-partition
control shows the reward-induced partition, not the
reweighting, is the driver (Section 4).

2 Contrastive Token Weighting

Preliminaries (GRPQO). Given a prompt z,
GRPO (Shao et al., 2024) samples a group of
G completions {y1,...,yq} from the policy 7y,
scores each with a reward r;, and forms a group-
relative advantage A; = (r;—mean; r;)/(std; r;+
€). The policy maximizes

il
logﬂe Yit | T, Vi <t)-

ey
The advantage A; is a scalar applied uniformly
to all |y;| tokens, so it makes no within-sequence
distinction, which is exactly the limitation CTW

G
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addresses.

A failed first attempt: student-teacher KL.
The decision-critical tokens are a small minority,
so a natural idea is to find them where the student
and a stronger teacher disagree most: take the per-
position KL divergence between their next-token
distributions and use it as a multiplicative weight
on the loss. This gave no statistically significant lift
over vanilla GRPO. The high-KL positions turn out
to be dominated by stylistic disagreement (phras-
ing, formatting, synonym choice) rather than the
tokens that decide the answer, so KL measures a
proxy that is not tied to the reward. This motivates
CTW, which looks for a signal that is high exactly
at the positions separating correct from incorrect
outcomes.

Formulation. The verifiable reward splits the
G completions of a group into a correct subset

= {i : A; > 0} and an incorrect subset
T ={i: A; <0} (Figure 1 sketches the pipeline).
CTW reads token credit straight from this split. A
frozen scoring model 77 provides per-token log-
probabilities

gi,t = log WT(yi,t | €, yz‘,<t), )

and we form a per-token contrastive signal that
compares each completion against the opposing
subset,

by — |I|Z€jt ifi € C,
Sip = Jet 3)
!Clzgﬂ Gy ifiel.

jec

For correct completions, s;; is large when the
scorer assigns higher log-probability to the pro-
duced token than to the matching tokens in incor-
rect completions; for incorrect completions, s; ¢ is
large when the scorer is more confident about the
correct completions’ tokens at that position. We
then normalize per sequence and turn the signal
into multiplicative weights:

Sit
1 - )
T 2ot Sip + € (4)
1)7 Cmin),

Sit =
Wiy = Clamp(l + a5 —

with a=0.1 and c¢y,j;=0.5 in all experiments. The
clamp is one-sided: it floors weights at ¢y, SO ev-
ery token still contributes some gradient, but leaves
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Per-token weight w;
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Figure 1: CTW pipeline. The reward partitions a GRPO group into correct (C) and incorrect (Z); a frozen scorer
(CTW-T: teacher, CTW-S: student copy) scores tokens across both subsets, and divergent positions receive higher

w; ¢+ in the policy loss.

them unbounded above so that strongly discrimi-
nating positions can be upweighted. When C or 7
is empty (all completions in a group share the same
reward), the contrastive signal is undefined, and
we set w; ; = 1 for that group, recovering vanilla
GRPO. This case follows directly from the advan-
tage definition: with a binary reward, a unanimous
group has std; r; = 0, so every A; — 0 and, since
C = {i: A; > 0}, C is empty; such groups there-
fore fall back to uniform weighting. In CTW-T
the scorer 77 is a separate stronger frozen model;
in the teacher-free variant CTW-S it is a frozen
copy of the student itself, taken once from the SFT
checkpoint and held fixed for the entire GRPO run
(never refreshed), which keeps the contrastive refer-
ence stationary rather than chasing a moving policy
and removes any external dependency.

Stability and cost. Two choices keep the signal
stable: per-sequence mean-normalization (Eq. 4)
removes completion-level scale bias, and averag-
ing over the opposing subset (Eq. 3) cancels per-
position vocabulary bias, leaving the tokens that
genuinely separate correct from incorrect. The con-
trast is position-indexed, so it is most meaning-
ful where prefixes align; normalization dampens
misalignment but does not fully remove it, and in
practice the weights concentrate on short, coherent
regions (Appendix Figure 3). The method is also
cheap: w; ; multiplies the per-token log-probability
term in the GRPO objective (Eq. 1), training stays
on-policy with no KL term, and the only added
cost is one forward-only pass of the frozen scorer
per completion (no backward pass or gradients;
the weight computation is elementwise). Because
each GRPO step is dominated by generating the
G completions and the policy forward-backward,
this scorer pass is a small fraction of step time: in
our production setup it adds ~12% wall-clock per
training step. Algorithm 1 gives the full procedure.

Sparsity of the contrastive signal. The con-
trastive signal is defined only for groups that con-
tain both a correct and an incorrect completion; in
our production training run only ~13% of groups
meet this condition (the rest produce all-correct
completions, since we train on SFT failure cases
that the model is just learning to solve), and they
fall back to uniform weights. Yet this 13% drives
the entire improvement, because these are the
prompts at the model’s decision boundary, where it
sometimes succeeds and sometimes fails and credit
assignment matters most. CTW spends its gradient
budget on the examples still being learned rather
than on those already solved or hopeless.

3 Production System: Catalog
Inconsistency Detection

We complement the controlled study in Section 4
with a full production deployment that differs in
domain, task format, and model, sharing only
GRPO’s grouped-rollout structure and a verifiable
binary reward, so it also tests whether the mecha-
nism carries beyond reasoning benchmarks.

3.1 A precision-binding cascade

The cascade (Figure 2) reaches 99.1% precision on
a manual audit of ~2,000 flagged listings. Con-
firmed flags pass to a human-in-the-loop seller
workflow; the model never auto-edits, so a residual
error costs a seller-facing review, not a live catalog
change.

3.2 Task and data

We frame detection as binary classification over a
(title, bullet points) pair: the model writes a short
reasoning trace explaining its comparison, then a
tag (consistent / inconsistent). As the introduction
notes, surface-form overlap is a poor proxy in both
directions: telling a genuine conflict from an ac-
ceptable paraphrase or superset is what makes this
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Figure 2: Production cascade. Training (left): consensus labels train a 4B SFT detector, refined by GRPO + CTW-S
on its failures with DeepSeek R1 as reward. Inference (right): the deployed 4B detector (blue) flags all 36M listings;
R1 (orange) verifies only the flagged subset, reaching 99.1% cascade precision before human review.

a credit-assignment problem rather than keyword
matching.

Why not synthetic data. No labeled inconsis-
tency dataset existed, so our first attempt boot-
strapped one: take real (title, bullets) pairs and
perturb a shared attribute to inject a contradiction
(“Cotton”—*“Bamboo Fiber”, “Pack of 6”—*“Pack
of 3”). Three problems sank this. The pairs we
assumed clean often already carried genuine in-
consistencies, so the model’s correct catches were
scored as false positives; generation was expensive,
several API calls per example; and single-slot per-
turbations cover only a sliver of the inconsistency
space, teaching the model a narrow, overly strict
notion of what counts rather than the full range.
The lesson, which shaped everything downstream,
is that the training labels had to come from real
catalog items.

Labels via multi-model consensus. Without hu-
man annotators at the scale we needed, we label
real listings by agreement among independent rea-
soning models. We curate a diverse gold seed with
one strong model, then optimize detection prompts
independently on two locally hosted reasoners that
have systematically different failure modes (one
over-flags synonyms, the other over-flags hierar-
chical relations). Requiring both to agree inde-
pendently filters out each model’s idiosyncratic
false positives while keeping the contradictions
both recognize, and a final verification prompt chal-
lenges each surviving flag; this multi-model agree-
ment protocol is in the spirit of evidence-weighted
multi-agent debate for more reliable LLM judg-

ments (Verma et al., 2026). This yields ~140K
high-precision training labels (about 86% consis-
tent / 14% inconsistent). We evaluate on a dis-
joint held-out set of 14K catalog-sampled pairs in
a 90/10 split (90% consistent / 10% inconsistent,
matching real-world prevalence). Labeled exam-
ples covering the conflict and paraphrase cases are
in Appendix B (Table 4).

3.3 Training the first stage: SFT, then CTW
on failures

We SFT Qwen3-4B-Instruct on the ~140K
consensus-labeled pairs, reaching 83.7 F1 on the
held-out 14K set (Table 1). Companion work on
this same detection task found that, for small detec-
tors, knowledge distillation from a stronger model
can outperform vanilla GRPO on the SFT model’s
residual failures (Alisyam et al., 2026); CTW
instead narrows that gap by improving GRPO’s
credit assignment directly. We then add a GRPO
stage (Chu et al., 2025) on the ~10K cases SFT
still gets wrong, calling R1 online to verify each
rollout as the binary reward, so the detector im-
proves by reinforcing its own correct rollouts rather
than imitating R1’s outputs. Since R1 does not
share the detector’s tokenizer, it cannot serve as
the per-token scorer, so we apply the teacher-free
CTW-S (Section 2). We report each method at its
best held-out-F1 checkpoint (recall is measured
at fixed precision /87, so it reflects more defects
caught, not a precision—recall trade). Baselines are
vanilla GRPO and A-GRPO (Wang et al., 2025b)
on the same checkpoint and failure subset; all RL
methods share hyperparameters (Appendix A) and
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differ only in loss weighting.

Table 1: First-stage detection on the held-out 14K set.
RL rows are means over 3 seeds (std < 0.24; signifi-
cance in text); best per column among the deployable
4B models in bold.

Method P R F1

Frontier commercial LLM (zero-shot) 44.8 94.0 60.7

SFT 4B (shared base) 86.4 81.2 83.7
+ Vanilla GRPO 86.9 82.8 84.8
+ A-GRPO 87.0 829 849
+ CTW-S (ours) 87.3 84.6 85.9

3.4 First-stage results

Table 1 shows that both vanilla GRPO and A-GRPO
improve over SFT by roughly +1.1 F1 on these
failure cases. CTW-S improves further to 85.9 F1
(+2.2 over SFT, +1.0 over A-GRPO), with the gain
concentrated in recall: +3.4 over SFT and +1.7 over
A-GRPO (84.6 vs. 82.9), so the detector catches
more genuine inconsistencies at the same operating
precision. Both the F1 and the recall gains over A-
GRPO are significant at p < 0.001 (Welch’s ¢-test,
n = 3 seeds); the precision difference is not (87.3
vs. 87.0, p = 0.06). A frontier model prompted
zero-shot is no substitute for the trained first stage:
a leading commercial reasoning model' reaches
94.0 recall but only 44.8 precision (60.7 F1), over-
flagging so heavily that it would forward roughly
half the catalog to the verifier, the opposite of what
the cascade needs.

3.5 Deployment and impact

We deployed the cascade across the full positive-
traffic catalog of one national storefront (36M ac-
tive listings), flagging 2.74M (7.6%) as title-bullet
inconsistencies. Serving all models with vLLM,
the 4B detector sweeps the full catalog on com-
modity V100s; R1 verifies only the flagged subset,
costing at least ~450 node-hours (8 xH200) ver-
sus the ~5,900 it would need as the sole detector
(consistent with the ~16x throughput gap).

Before the sale: conversion. Keeping only list-
ings with enough traffic to estimate conversion
(orders per thousand page views; ~0.6M flagged,
~'TM consistent), the inconsistent-to-consistent ra-
tio falls steadily with traffic on the primary store-
front: near parity in the low-traffic deciles, drop-
ping to 0.67 (33% lower) in the highest-traffic

'We report this baseline anonymously and omit the specific
model name; it is a widely used frontier commercial LLM.

decile (Appendix Figure 4). A second national
storefront repeats the pattern: 13% lower overall,
falling to 0.76 (24% lower) in the top decile and
0.77 (23% lower) among listings with at least 10K
page views.

After the sale: returns. The same partition pre-
dicts a second, independent outcome: an inconsis-
tent page sets a wrong expectation, so the product
is likelier to arrive “not as described” and be re-
turned. Keeping only listings with enough orders
to estimate a return rate, flagged listings are re-
turned more: among listings with at least 10 orders
the return rate is 5.46% for flagged versus 4.44%
for consistent, a 23% relative increase that holds
across order-volume floors from 10 to 100. Incon-
sistency thus costs the storefront twice, fewer sales
before the purchase and more returns after it. Both
signals are observational correlations, not causal
fix effects (flagged listings may differ from con-
sistent ones in other ways), so we read them as
a lower bound on the problem’s cost; a random-
ized fix-versus-holdback test is the planned next
step. Flag rates vary by product line, highest for
attribute-rich apparel (9.0%) and lowest for simply
described consumables (3.6%; Appendix B).

4 Controlled Study: Math Reasoning

A single production run cannot isolate why CTW
works, so we turn to public math-reasoning bench-
marks for a controlled setting with published base-
lines and a shuffled-partition control. Two ques-
tions matter: whether the partition signal general-
izes beyond the catalog task, and how much the
teacher adds over the partition alone (the evidence
for deploying the teacher-free variant).

4.1 Setup

Students are Qwen3-1.7B-Base and 4B-Base (full
fine-tune); the frozen CTW-T teacher is Qwen3-8B-
Base. We train on the Hard subset of the MATH
training split (Hendrycks et al., 2021) and evaluate
on GSMS8K (Cobbe et al., 2021) and a held-out
MATH test set (Hendrycks et al., 2021) (2-shot,
Qwen-boxed). All methods share every hyperpa-
rameter (G=8, effective batch 32, Ir 3x107°, 160
steps; CTW adds a=0.1, cpip=0.5) and differ only
in the loss weighting; we report the mean over 3
seeds at each method’s best held-out-MATH check-
point under the same selection rule. Baselines
are vanilla GRPO (Shao et al., 2024), DAPO (Yu
et al., 2025), Dr. GRPO (Liu et al., 2025¢c), \-
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GRPO (Wang et al., 2025b), and the teacher-free
CTW-S; Dr. GRPO is run at 1.7B and the remaining
baselines at both scales (Appendix A).

4.2 Main results

Table 2: Accuracy (%) on math reasoning (Qwen3-8B-
Base is the CTW-T teacher); mean over 3 seeds (std
< 0.42; significance in text), best per column per scale
in bold.

Student Method GSMSK MATH

Zero-shot 68.99 32.40
Vanilla GRPO 69.56 34.00
DAPO 68.99 32.60
1.7B Dr. GRPO 69.70 32.20
A-GRPO 69.86 33.10
CTW-S (no teacher) 69.22 35.40
CTW-T (8B teach.) 70.28 35.90
Zero-shot 80.74 41.80
Vanilla GRPO 81.62 42.68
4B DAPO 80.89 42.20
A-GRPO 80.29 43.40
CTW-S (no teacher) 80.95 43.50
CTW-T (8B teach.) 81.86 43.90

We report relative improvement over matched
baselines and focus on MATH, which has the most
headroom. In Table 2 the aggregation-level base-
lines (GRPO, DAPO, Dr. GRPO, A-GRPO) cluster
together, while both CTW variants break out: at
1.7B, CTW-T vs. GRPO (41.90) and CTW-S vs.
GRPO (+1.40) are significant at p < 0.001 (Welch
t-test, n=3), and the advantage holds at 4B (Fig-
ure 5 shows both separating from the cluster by
step 60). Crucially, the teacher-free CTW-S trails
CTW-T by only +0.50 (p ~ 0.006), suggesting
that most of the gain comes from the partition itself
rather than the teacher’s capacity; Section 4.3 tests
this directly.

4.3 The reward-induced partition is the driver

A natural alternative is that the gain comes simply
from per-token heterogeneous weights breaking
GRPO’s uniform weighting, irrespective of how
the two subsets are chosen. We test this by training
CTW-T at 1.7B with the correct/incorrect partition
randomly shuffled within each group, holding all
else (teacher scoring, normalization, clamping, hy-
perparameters) identical. Shuffled CTW-T reaches
33.60% on MATH, within noise of vanilla GRPO
(34.00%) and well below CTW-T’s 35.90%; this
2.3-point gap is an order of magnitude larger than
the per-method seed standard deviations (<0.42).
Random partitioning recovers essentially none of

the gain, so what matters is the reward-aligned par-
tition, not heterogeneous weights per se. Together
with CTW-S’s near-parity to CTW-T, this is the ev-
idence behind our goal of retiring the verifier: the
partition carries the signal, so a frozen self-copy
lets the first stage keep improving without a large
model in the loop.

5 Related Work

Token-level credit in GRPO. Many methods
reshape GRPO’s uniform per-token signal: Dr.
GRPO fixes a length-normalization bias (Liu et al.,
2025¢c), GMPO uses a geometric-mean token av-
erage (Zhao et al., 2025), and A-GRPO learns to-
ken weights (Wang et al., 2025b), while others
source it from rollout or entropy statistics (Sun
et al., 2025; Liu et al., 2025b; Lin et al., 2025;
Tan et al., 2025), including high-entropy “fork-
ing” tokens (Wang et al., 2025a) and segment-level
credit (Guo et al., 2025). All read credit from
policy-intrinsic proxies (entropy, likelihood, roll-
out counts, learned parameters) and are evaluated
only on math; CTW instead reads it off the reward-
induced correct/incorrect partition, and is, to our
knowledge, the first to derive token-level credit
during RL training from that partition rather than
from policy-intrinsic proxies, a separately trained
process verifier, or inference-time pruning. Token-
level preference methods need trained contrastive
models and preference pairs rather than a frozen
scorer and a binary reward: TIS-DPO contrasts a
trained 7 /7~ pair (Liu et al., 2025a), with TDPO
(Zeng et al., 2024), RTO (Zhong et al., 2025), and
AlignDistil (Zhang et al., 2025) in the same fam-
ily; process reward models add a separately trained
step-level verifier (Lightman et al., 2023; Wang
et al., 2023; Cui et al., 2025).

Self-distillation and production NLP. A con-
current line contrasts correct against incorrect roll-
outs within a group, mirroring our teacher-free
CTW-S, via an oracle-conditioned likelihood ra-
tio (Li et al., 2026b), a stop-gradient self-teacher
(Li et al., 2026a), or a hidden-state Wasserstein
distance (Chen et al., 2026); CTW’s signal is
instead a position-indexed log-probability differ-
ence from a single frozen scorer. On the ap-
plication side, catalog-quality systems have used
instruction-tuned evaluators (Joshi et al., 2025),
data cleaners (Cheng et al., 2023), LLM ensem-
bles (Fang et al., 2024), generative multimodal at-
tribute extraction from product pages (Khandelwal
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et al., 2023), and mixture-of-expert architectures
for multi-source multimodal question answering
(Verma et al., 2025), and GRPO has reached be-
yond reasoning to speech (Shivakumar et al., 2025)
with supporting theory (Mroueh, 2025).

6 Conclusion

CTW reads token-level credit from a signal GRPO
uses only at sequence level, the reward-induced par-
tition of a group into correct and incorrect comple-
tions, exploiting it at token granularity at the cost of
one frozen-scorer pass. As the cheap first stage of a
precision-binding cascade, its teacher-free variant
CTWS-S lifts recall at fixed precision; and because
it captures most of CTW-T’s gain with no exter-
nal model, it points toward collapsing the cascade
into a single 4B detector and retiring the verifier.
The natural next test is longer-horizon RLVR (code,
instruction following), where the reward-induced
partition signal may matter most.
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7 Limitations

Our study leaves several questions open. The math
experiments run on a deliberately small budget
(160 steps, batch size 32), so we have not tested
whether the gains from contrastive token weighting
persist at larger step counts and batch sizes; scal-
ing behavior is future work. We evaluate only two
student sizes from a single model family (Qwen3-
1.7B-Base and 4B-Base), so we do not know how
the method interacts with other architectures and
pretraining recipes. The MATH improvements may
partly reflect an in-distribution effect, since the RL
training distribution overlaps that benchmark more
than it does GSMS8K, and the smaller GSM8K mar-
gins fit that reading. Our index-aligned contrast
assumes approximate positional correspondence
between correct and incorrect completions, and
although the clamp and normalization reduce the
impact of misaligned positions, they do not fully
remove position-misalignment noise. CTW con-
sumes only the binary correct/incorrect partition,
not the reward magnitude, so it is insensitive to
reward-magnitude noise and is affected only by out-
right label flips, whose impact is further damped
by averaging over the opposing subset; even so, we

have not systematically characterized its sensitivity
to group size or to partition quality under noisier
reward models, and whether the mechanism ex-
tends to softer, continuous reward signals beyond
binary-verifiable tasks remains an open question.
Our evidence on reward quality is indirect (the cas-
cade’s audited 99.1% precision on ~2,000 human-
checked flags) rather than a systematic verifier-
versus-human study on training rollouts. Finally,
the deployment evidence is offline and scale-based
(precision audit, coverage, and observational cor-
relations between flags and both conversion and
return rate across two storefronts); a randomized
fix-versus-holdback experiment, the natural next
step, would establish downstream business impact
more directly than the metrics we report.
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A  Method Details

Algorithm 1 gives the full CTW-weighted GRPO
procedure.

Algorithm 1 CTW-Weighted GRPO

Require: Policy 7y, frozen scorer 7 (teacher for
CTW-T; student copy for CTW-S), prompts
{z}, group size G, a, Cpin

1: for each prompt x do

2:  Sample G completions {yi,...
mo(- | )

3:  Compute rewards {r1,...,7¢} and group-
relative advantages {A1,..., Ag}

4:  Partition: C={i: 4; >0}, T ={i: A4 <
0}

5:  Compute scorer log-probs /;; =
log 77 (yit | @, yi,<¢) forall i, t

Yt ~

6: if |C| > O and |Z| > O then

7: Compute contrastive signal s; ; (Eq. 3)

8: Normalize: 5;; = s;+/(means(s; ;) + €)

9: Compute weights: w;; = clamp(l +
a(gi,t - 1)7 Cmin)

10:  else

11: Set w; ¢ = 1 (uniform fallback; recovers
vanilla GRPO for this group)

12:  endif

13:  Update 0 using the CTW-weighted loss (Sec-

tion 2)
14: end for

Table 3 lists the full hyperparameter settings for
both setups, which share every value and differ
only in the loss weighting. Figure 3 visualizes the
resulting CTW-T weights on a sample problem.

B Production System: Supporting
Material

Table 4 shows representative title—bullet inconsis-
tencies flagged by the deployed detector, sampled
from high-traffic listings (>700K page views over
the trailing 90 days) and spanning several product
categories. In each case the title and bullets refer to
semantically different products or attributes, which
a simple string-match heuristic would miss.

Table 5 breaks the flag rate down by product
line: apparel and soft goods carry both the highest
flag rate and the most affected traffic, consistent
with free-text, attribute-rich listings (material, fit,
size) being the most error-prone, while consum-
ables with simpler descriptions are flagged least
often.
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Table 3: Full hyperparameter settings for both experimental setups.

Hyperparameter

Product inconsistency

Math reasoning

Student model
Reward model

Qwen3-4B-Instruct (SFT)
DeepSeek R1 (verifier)

Qwen3-1.7B-Base, Qwen3-4B-Base
Verifiable answer match

Variant(s) CTW-S (deployed) CTW-T and CTW-S
Scorer Frozen student copy (CTW-S) Qwen3-8B-Base (CTW-T)
LoRA rank r 32 — (full fine-tune)
LoRA « 16 —

LoRA dropout 0.05 —
Learning rate 3x107° 3x107°
Training steps 160 160

Group size G 8 8

Effective batch size 32 32

Max completion length 2,048 2,048

CTW « 0.1 0.1

CTW cCmin 0.5 0.5

CTW e (mean-norm) 108 1078
Optimizer AdamW (torch fused) AdamW (torch fused)
Optimizer 51 0.9 0.9
Optimizer (3, 0.999 0.999
Optimizer e 10-8 10-8
Prompting — 2-shot Qwen-boxed

Contrastive Token Weights on a Math Reasoning Example

"The sum of the first N positive odd numbers is 121. What is N?" Ground truth: N = 11 | G = 8 | 6 correct, 2 incorrect

¥ Correct completion (representative) — all weights = 1.0, max = 1.4

The sum of the first N positive odd numbers is given by N2z .

Therefore, 1+3+5+ = N2, N2 = 121, N =11

X Incorrect completion (representative) — CTW spikes on error tokens, max = 15.6
a4

The Nth odd number is 2N - 1. The sum of the first N odd numbers is

156 53 25 82 32 23
aD+ - @+ @ @ N8 X

Vanilla GRPO: w = 1 for every token. CTW concentrates gradient on the 5-10 tokens where correct/incorrect traces diverge.

Figure 3: CTW-T weights on a MATH problem (Qwen3-1.7B student, 8B teacher). Both subsets receive a contrastive
signal (Eq. 3); the weights concentrate on a few tokens where the scorer most sharply separates correct from incorrect
completions, while most positions stay near the uniform weight of 1.
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Table 4: Representative inconsistency examples flagged by the deployed detector (high-traffic listings, >700K page

views over the trailing 90 days).

Cause of inconsistency

Title and bullet excerpts

Storage capacity mismatch: title
advertises a phone with 128GB
storage, but the memory bullet
specifies 512GB.

Title: “Vivo V60 5G (Mist Gray, 8GB RAM, /28GB Storage)...”
Bullet 3: “[MEMORY & SIM]: 12GB RAM | 512GB Internal Memory | LPDDR4X...”

Fabric composition mismatch:
title labels the polo as “Cotton”,
but the material bullet specifies
a blended fabric.

Title: “Allen Solly Men’s Plain Regular Fit Cotton Polo...”
Bullet 3: “Material: 60% Cotton and 40% Polyester.”

Energy rating mismatch: title
claims a 3-star energy rating, but

the rating bullet specifies 2-star. kWh/year.”

Title: “Haier SmartChoice 596L 3Star 2-Door Side by Side Frost Free Refrigerator. ..”
Bullet 3: “Energy Rating: 2 Star Energy Efficiency | Annual Energy Consumption: 528

Battery-life mismatch: title ad-
vertises up to 35-hour battery
life, but the battery bullet claims
up to 50 hours.

Title: “Sony WH-CH720N... Up to 35Hrs Battery...”
Bullet 2: “Up to 50-hour battery life with quick charging...”

Table 5: Flagged inconsistencies by product line. Flag
rate is inconsistent listings as a fraction of listings in
that line.

Product line Listings Flagged Flag rate
Apparel & soft goods 16.4M 1.48M 9.0%
Hardlines 13.1M 840K 6.4%
Consumer electronics 4.67TM 358K 7.7%
Consumables 1.78M 64K 3.6%

Figure 4 shows the conversion penalty by traffic
decile on the primary storefront (Section 3).

conv. ratio (i/c)

1 2 3 4 5 6 7 8 9 10

Page-view decile (low — high traffic)

Figure 4: Inconsistent-to-consistent conversion ratio by
traffic decile (primary storefront). Near parity at low
(noise-dominated) traffic; the penalty deepens mono-
tonically to ~0.67 in the highest-traffic decile. This is
observational, not a causal fix effect.

C Math Study: Training Curves

Figure 5 plots held-out MATH accuracy over train-
ing for the controlled study (Section 4).

D Additional Ablations

Robustness to CTW hyperparameters. A
coarse 3 x 3 sweep over « € {0.05,0.1,0.3}
and cmin € {0.3,0.5,0.7} at 1.7B (single seed,
160 steps) shows that all nine configurations beat
Vanilla GRPO on aggregate, so CTW’s gains are
robust to the hyperparameter choice rather than tied
to a narrow optimum.
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Figure 5: MATH accuracy (%) over training steps for 1.7B (left) and 4B (right) students (seed 42). CTW-T and
CTW-S separate from baselines by step 60 and stabilize by step 120-160; non-contrastive baselines remain near the
zero-shot level (dashed gray) throughout.
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