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Abstract

Estimation of product procurement cost is
a key capability for price governance on
large-scale e-commerce platforms: from im-
ages, structured attributes, comparable prod-
ucts, and pricing knowledge, a practical sys-
tem must infer a reasonable cost to sur-
face suspiciously inflated or potentially non-
compliant listings. Directly invoking general-
purpose VLMs is prohibitive at high QPS
(queries per second), and their verbose ra-
tionales complicate auditing and rule integra-
tion. We present COST-LLM, a compact 7B
multimodal cost-estimation model trained by
a two-stage post-training pipeline: segment-
normalized SFT on progressive pricing ratio-
nales, followed by GRPO with an asymmetric
MAPE-based reward aligned with cost accu-
racy. On an in-house benchmark covering 105
fine-grained categories, COST-LLM reaches
MAPE 29.47% and Acc@20 40.42%, yielding
the best point estimates among the evaluated
systems. Deployed as an auxiliary signal in a
price-anomaly pipeline, it provides a 30.73%
relative complementary-detection yield over
the production baseline at an audited precision-
matched operating point. Its locally deployed
serving latency is 0.4–0.8 s per listing, com-
pared with 3–8 s observed for external com-
mercial LLM/VLM APIs. We share the de-
sign choices, training recipe, and deployment
lessons.

1 Introduction

Price governance is a key component of risk con-
trol on large-scale e-commerce platforms: listings
can exhibit suspiciously inflated prices due to ab-
normal pricing, misleading positioning, or other
rule violations, and surfacing such cases requires
estimating a reasonable procurement cost rather
than just predicting the selling price. From prod-
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uct images, structured attributes, comparable prod-
ucts, and pricing knowledge, the system must infer
the underlying cost as an auxiliary signal for iden-
tifying overpriced or non-compliant listings.

This task is challenging for two reasons. Pro-
curement cost is not directly observable from
the listing price and must be inferred from het-
erogeneous multimodal evidence; meanwhile, in-
dustrial risk control demands stable output for-
mat, low serving cost, and high-throughput infer-
ence. Although large LLMs/VLMs with chain-
of-thought prompting reason strongly (Wei et al.,
2022; Zhang et al., 2024; DeepSeek-AI et al.,
2025), serving them at high QPS (queries per sec-
ond) is expensive and their long rationales can be
redundant or inconsistent.

We propose COST-LLM, a compact 7B mul-
timodal cost-estimation model built on Qwen2.5-
VL-7B-Instruct. We compress long teacher ra-
tionales into minimal-sufficient progressive pric-
ing rationales, apply segment-normalized SFT to
balance format/rationale/answer supervision, and
then run GRPO with an asymmetric MAPE-based
reward aligned with cost accuracy. On an in-
house benchmark and in live deployment, COST-
LLM matches or beats much larger general-
purpose foundation models on reported point esti-
mates while providing complementary detections
beyond an existing comparative-pricing baseline.

We position this work as an industry-track con-
tribution: rather than pushing state-of-the-art on
a generic benchmark, we describe what it takes
to move a vertical reasoning capability from an
offline metric to a deployed risk-control signal.
We document concrete deployment-time choices—
segment-normalized supervision so that long ra-
tionales do not dominate the loss, an asymmetric
MAPE reward that suppresses the over-estimation
bias caused by anchoring on transaction-priced
comparables, an operating-point selection that
matches the existing online baseline’s audited pre-
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cision, and an on-premise compact-model serving
stack that removes per-call API fees and avoids
the network, queueing, and long-output overhead
of external APIs—and report the lessons learned
from auditing the resulting detections.

Our contributions are: (i) we formulate
procurement-cost estimation as a multimodal rea-
soning problem for e-commerce risk control, dis-
tinct from selling-price prediction; (ii) we propose
COST-LLM, trained with progressive rationale
construction, segment-normalized SFT, and asym-
metric MAPE-reward GRPO under a high-QPS
serving budget; (iii) we conduct offline bench-
marking and a live online evaluation, showing
competitive accuracy against much larger models
and a 30.73% relative complementary-detection
yield over the production baseline at an audited
precision-matched operating point; and (iv) we
share deployment lessons—operating-point cali-
bration, latency vs. external-API trade-offs, and
rationale–answer consistency as a deployment-
time diagnostic—useful for teams running com-
pact reasoning LLMs in production.

2 Related Work

Multimodal reasoning and pricing. Chain-of-
thought prompting (Wei et al., 2022) and its mul-
timodal extensions (Zhang et al., 2024) improve
reasoning, and recent VLMs such as Qwen2.5-
VL (Bai et al., 2025) and InternVL (Chen et al.,
2024) further strengthen visual-textual percep-
tion. LLP (Wang et al., 2025) studies LLM-based
selling-price prediction with retrieval, SFT, and
GRPO; in contrast, we target procurement-cost
estimation for downstream price-governance deci-
sions.

Post-training and efficient reasoning. RL-
based post-training is effective when verifiable re-
wards exist (DeepSeek-AI et al., 2025; Kimi Team
et al., 2025); we follow this paradigm with a
MAPE-based reward. For deployment, long CoT
improves hard reasoning but inflates token cost
and may inject inconsistency, motivating token-
budget, early-exit, and overthinking-mitigation
techniques (Han et al., 2025; Sui et al., 2025; Yang
et al., 2025). These observations directly moti-
vate our compact, concise-rationale post-training
for high-QPS risk control.

3 Task and Method

3.1 Procurement-Cost Estimation
For each product, we denote the multimodal in-
put and reference procurement cost as xi =
(Ii, Ai, Ci,Ki), p∗i ∈R+, where Ii, Ai, Ci,Ki are
the product image, structured attributes, compara-
ble products, and pricing knowledge. The model
outputs an estimated cost p̂ with an optional ratio-
nale r: (p̂, r) = fθ(I, A,C,K). Unlike selling-
price regression, the target is the underlying pro-
curement cost, which depends on material, manu-
facturing, brand premium, channel factors, and in-
ventory risk—thus requiring evidence-aware mul-
timodal reasoning rather than purely numerical fit-
ting.

Pricing knowledge construction. The pricing-
knowledge component K is built from a category-
conditioned cost knowledge base curated from
platform pricing-governance accumulation and
LLM-assisted enrichment. For each fine-grained
category, the knowledge base enumerates the dom-
inant cost drivers and their typical cost ranges—
for instance, in the phone case category the core
material is one of ordinary TPU / liquid sili-
cone / carbon fiber / etc., each with a distinct
procurement-cost band; analogous fields cover
manufacturing process, structural complexity, and
brand-tier premium. Given a target listing, we re-
trieve the most relevant entries via category- and
attribute-aware RAG and concatenate them into K.
This turns otherwise tacit cost priors into explicit,
retrievable evidence and gives the model an anchor
for calibrated cost reasoning that purely visual fea-
tures rarely provide.

3.2 Progressive Pricing-Rationale
Construction

Since raw records contain only reference prices,
we first synthesize long pricing rationales with a
strong multimodal teacher T :

rcoti = T (xi) = (si,1, si,2, . . . , si,Ti). (1)

Here si,j denotes the j-th reasoning segment of the
i-th teacher rationale, and Ti is the number of seg-
ments in that rationale. To remove redundant rea-
soning, each rationale is decomposed into prefixes
r
(t)
i = (si,1, . . . , si,t), and a frozen pricing model
gϕ evaluates each prefix:

p̂
(t)
i = gϕ(xi, r

(t)
i ), e

(t)
i =

|p̂(t)i − p∗i |
p∗i

. (2)
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Cost-LLM ⇒ MAPE 29.47%, Acc@20 40.42%

Figure 1: Overview of COST-LLM. The framework first constructs progressive pricing data by compressing long
teacher rationales into minimal sufficient evidence chains. The resulting data are used for evidence-aware SFT
with segment-normalized supervision, where multimodal product information, comparable products, and pricing
knowledge are jointly grounded for procurement-cost estimation. Finally, MAPE-reward GRPO further aligns the
model with procurement-cost accuracy.

Here p̂
(t)
i is the cost estimated from the length-t

prefix and e
(t)
i is its relative error against the ref-

erence cost p∗i . We retain the shortest sufficient
prefix

t∗i = min{t | e(t)i ≤ ϵ}, (3)

yielding Dprog = {(xi, r(t
∗
i )

i , p∗i )}Ni=1. This pro-
vides adaptive-depth pricing supervision: sim-
ple products keep only decisive evidence, while
complex products retain longer trajectories. For
teacher rationales that admit no prefix satisfying
e
(t)
i ≤ ϵ, we retain the complete long chain rather

than discarding the sample, which avoids biasing
the corpus toward easy, short-prefix cases (see
Limitations). Such unmatched (hard) cases ac-
count for about 18% of the corpus. Because un-
matched samples are kept rather than dropped, the
corpus size is unchanged at N examples; progres-
sive selection only shortens the supervised ratio-
nale, reducing the average rationale length from
1,722 to 1,246 characters (∼ 27.6% compression)
while preserving all pricing-decisive evidence.

Implementation details. As illustrated in Fig-
ure 1 (left panel), the teacher T is Gemini-3-
Pro Preview, which consumes (I, A,C,K) and
emits a structured long-CoT rationale of up to
Ti ≤ 1024 tokens. The frozen prefix evaluator gϕ
is the pretrained Qwen3-VL-32B used zero-shot,
and we retain the shortest prefix whose relative
error falls within the sufficiency threshold ϵ =

0.20. Decoupling the high-capacity teacher from
the lightweight prefix selector keeps long-CoT
generation rich while making minimal-sufficient-
trajectory extraction cheap and reproducible. Fig-
ure 2 summarizes this pipeline, and Figure 3 com-
pares the rationale-length distributions before and
after the progressive selection.

Figure 2: Pipeline for progressive pricing-rationale
construction.

3.3 Cost-LLM Training Pipeline

We train COST-LLM from Qwen2.5-VL-7B-
Instruct through two post-training stages on the
progressive pricing-rationale corpus: SFT teaches
an evidence-grounded reasoning paradigm, and
RL further optimizes the final cost estimate toward
the business metric. The pipeline balances two ob-
jectives: keeping the reasoning concise and struc-
tured, and calibrating the final numerical answer.
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Figure 3: Rationale length distribution: long CoT vs.
progressive rationale.

3.3.1 SFT: Segment-Normalized Cost
Supervision

A standard SFT loss computes token-level nega-
tive log-likelihood over the entire response. In
our task, however, the <think> segment is much
longer than the <answer> segment, so a uniform
token-level loss lets rationale tokens dominate the
gradient while the final procurement-cost value re-
ceives limited supervision—undesirable for risk
control where the answer field is the key signal.

To address this, we adopt a segment-normalized
SFT objective. Given an input xi and target re-
sponse yi, we partition the assistant-side tokens
into three disjoint segments

M = Mfmt ∪Mthk ∪Mans, (4)

where Mfmt collects format tokens, Mthk the ra-
tionale tokens, and Mans the final numerical-cost
tokens. For each segment we compute the mean
token-level cross-entropy

Ls =
1

|Ms|
∑

t∈Ms

− log πθ(yi,t | xi, yi,<t), (5)

with s∈{fmt, thk, ans}. The final SFT objective
is a weighted average:

LSFT =
λfmtLfmt + λthkLthk + λansLans

λfmt + λthk + λans
, (6)

with (λfmt, λthk, λans) = (0.5, 0.5, 2.5). Segment-
level normalization prevents long rationales from
dominating purely by length, and the larger answer
weight strengthens supervision on the final cost.
To avoid biasing the progressive corpus toward
easy cases, we retain the full teacher-generated
chain for the ≈ 18% of training samples whose ra-
tionales admit no sufficiently accurate short prefix.

We call this procedure hard-case retention; these
retained samples are trained with the same objec-
tive in (6), without a separate SFT pass or a new
loss.

3.3.2 RL: Asymmetric MAPE-Reward
GRPO

After SFT, the model has a stable evidence-
grounded output format, but supervised imitation
alone cannot directly optimize the business-facing
numerical metric. We therefore apply GRPO with
an asymmetric MAPE-based reward. Given input
x = (I, A,C,K), the policy samples y = (r, p̂) ∼
πθ(· | x); we parse p̂ from <answer>, compare it
with the ground truth p∗, and compute the relative
error e(p̂, p∗) = |p̂ − p∗|/p∗. The reward is an
asymmetric clipped MAPE-based score:

Rcost(y) = clip(0.5− w(p̂, p∗)e,−0.5, 0.5),

w(p̂, p∗) =

{
1.5, p̂ > p∗,

1, p̂ ≤ p∗.
(7)

A bad-case audit showed that the model tends
to over-estimate procurement cost—comparable
products may carry observed transaction prices,
which include margin, platform premium, and lo-
gistics costs, so anchoring on them systematically
biases the estimate upward. The 1.5× penalty on
p̂ > p∗ suppresses this bias while keeping the re-
ward simple and verifiable.

For each input x, GRPO samples a group of
G responses {yj}Gj=1 from πθold with rewards
{Rj}Gj=1, and computes the group-normalized ad-
vantage Aj = (Rj−mean(R))/(std(R)+ϵ). Let
ρ̄j = clip(ρj , 1− ϵc, 1+ ϵc) denote the clipped im-
portance ratio. The policy is optimized with the
GRPO surrogate

LGRPO = − Ej [min(ρjAj , ρ̄jAj)]

+ βDKL(πθ ∥πref).
(8)

with importance ratio ρj = πθ(yj | x)/πθold(yj |
x). πref is initialized from the SFT model;
the KL term stabilizes training and prevents the
policy from drifting away from the supervised
cost-reasoning behavior. During RL we moni-
tor MAPE, Acc@10/20, parse success, rationale–
answer consistency, and response length for evalu-
ation and model selection, while the optimization
reward stays centered on procurement-cost accu-
racy.
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On numerical regression via token-level de-
coding. A subtlety of using an LLM for
procurement-cost estimation is that a continuous
cost value is produced by decoding numeric to-
kens rather than by a dedicated regression head,
which can introduce discretization and calibration
effects. Two of our design choices directly nar-
row this gap. First, the segment-normalized SFT
objective in (6) up-weights the answer segment
(λans = 2.5), so the numeric-token distribution
is supervised more sharply than under a uniform
token loss. Second, the asymmetric MAPE re-
ward in (7) imposes a scale-aware, numerically
consistent calibration signal on the decoded value
rather than a purely token-level likelihood, pulling
the emitted number toward the true cost and sup-
pressing the systematic upward bias. We view al-
ternative mechanisms—a dedicated numeric head,
constrained/grammar-based decoding, or a hybrid
regression–generation output—as complementary
directions for future work.

4 Experiments

We evaluate COST-LLM on an in-house
procurement-cost dataset of about 25K instances
from 105 fine-grained categories (clothing, shoes,
home appliances, accessories, daily commodities,
etc.). Each instance carries a product image,
title, category hierarchy, brand, structured at-
tributes, comparable-product information, pricing
knowledge, and a reference procurement cost
aggregated from internal supplier-side records
and platform pricing-governance audits (residual
label noise from temporal drift is acknowledged
as a limitation). We use a 0.75/0.10/0.15 split
(∼18.75K/2.5K/3.75K). To prevent leakage,
the split is performed at the product-ID level:
once a product is assigned to test, its ID and all
references to it (including where it appears as a
comparable for other products) are removed from
the comparable fields and retrieval candidates
of every training sample; the pricing knowledge
base K stores category-level aggregated priors
rather than per-product ground-truth entries,
and the teacher/prefix evaluator are only run on
training-split products.

Starting from Qwen2.5-VL-7B-Instruct, the
model samples (r, p̂) ∼ πθ(· | I, A,C,K) under
the two-stage pipeline of Section 3.3: segment-
normalized SFT on the progressive corpus with
hard-case retention, then GRPO from the best

SFT checkpoint optimizing the reward in (7);
checkpoints are selected by validation MAPE. We
compare against API-based baselines—Qwen2.5-
VL-72B, Doubao-Seed-1.6, Qwen3-235B-A22B,
Qwen3-VL-235B, and Gemini-3-Flash-Preview—
and a discriminative non-LLM regressor, Price-
BERT, under an identical prompt and evidence in-
puts x= (I, A,C,K). Detailed baseline prompts,
input formatting, output-parsing rules, and token
budgets are given in Appendix A.1 to ensure a fair,
equally optimized comparison.

Evaluation metrics. We report MAPE
= 100

N

∑
i |p̂i − p∗i |/p∗i and threshold accu-

racy Acc@τ = 1
N

∑
i I[|p̂i − p∗i |/p∗i ≤ τ ] with

τ ∈{0.1, 0.2}; throughout, Acc@10 and Acc@20
denote Acc@τ at τ = 0.1 and τ = 0.2. Consis-
tency is the fraction of test instances whose p̂
matches the last explicit price token in the ratio-
nale within ±1% tolerance, and format validity is
the fraction of outputs conforming to the required
<think>...</think><answer>...</answer>
structure.

4.1 Results and Analysis

Table 1 reports the main comparison: COST-LLM
obtains the best reported pricing accuracy among
the evaluated systems (MAPE 29.47%, Acc@10
19.73%, Acc@20 40.42%) while keeping a struc-
tured format and full rationale–answer consis-
tency. Paired-bootstrap tests in Appendix A.4
show that the 0.81-point MAPE gap from the clos-
est API baseline, Doubao-Seed-1.6, is not statis-
tically decisive, whereas the larger gaps from the
remaining evaluated baselines are significant. We
therefore do not claim a decisive accuracy ad-
vantage over Doubao; the deployment case in-
stead combines competitive accuracy, full con-
sistency, observed local latency of 0.4–0.8 s ver-
sus 3–8 s for external APIs, avoidance of per-
call API fees, and complementary online de-
tections. The discriminative non-LLM regres-
sor PriceBERT, which lacks explicit evidence
structuring and step-by-step reasoning, reaches
MAPE 71.58% (Acc@20 34.19%). The abla-
tion in Table 2 confirms that SFT and RL are
both needed: zero-shot Qwen2.5-VL-7B reaches
MAPE 33.43%; GRPO alone barely moves it
(33.04%); only the full SFT+GRPO pipeline
reaches 29.47%. RL alone is insufficient—the
segment-normalized SFT stage provides a neces-
sary supervised initialization that teaches evidence
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Table 1: Comparison of COST-LLM against LLM/VLM baselines on the procurement-cost estimation benchmark.
Best in each column is in bold. Consist. (rationale–answer consistency) is the numerical agreement between the
price value reasoned in the <think> rationale and the value emitted in <answer> (within tolerance), evaluated
only on models that produce a rationale; the non-LLM PriceBERT emits a price only and has no rationale, so
consistency is not applicable (“–”). Acc@10 and Acc@20 correspond to the threshold accuracy at τ = 0.1 and
τ=0.2 (i.e., τ expressed as a percentage).

Model Pricing Accuracy Output Quality

MAPE (%) ↓ Acc@10 ↑ Acc@20 ↑ Consist. (%) ↑ Format ↑
Qwen2.5-VL-72B 36.75 12.50 25.00 100.00 1.0000
Doubao-Seed-1.6 30.28 18.11 36.29 99.07 1.0000
Qwen3-235B-A22B 32.80 18.66 37.90 92.02 0.9854
Qwen3-VL-235B 31.81 16.61 33.20 83.17 1.0000
Gemini-3-Flash-Preview 33.94 18.82 37.96 75.01 0.9528

PriceBERT (non-LLM regressor) 71.58 17.71 34.19 – –

Cost-LLM (Ours) 29.47 19.73 40.42 100.00 0.9994

Table 2: Same-scale ablation on the Qwen2.5-VL-7B
backbone. The SFT-only baseline uses standard token-
level SFT on Dprog; GRPO-only applies reward opti-
mization without SFT initialization; COST-LLM com-
bines segment-normalized SFT with hard-case reten-
tion and GRPO. Consist. measures the numerical agree-
ment between the value reasoned in <think> and the
value emitted in <answer> (see text).

Method MAPE↓ Acc@10 Acc@20 Consist.

Qwen2.5-VL-7B
zero-shot

33.43 17.24 34.90 85.23

+ SFT only 35.30 17.60 37.24 36.83
+ GRPO only 33.04 17.23 34.89 85.22
+ COST-LLM 29.47 19.73 40.42 100.00

organization and output format, and RL then cal-
ibrates the final cost estimate. Component-level
ablations are reported in Appendix A.2, baseline
protocols in Appendix A.1, and paired-bootstrap
tests in Appendix A.4.

Interpreting the SFT-only / GRPO-only rows.
Here consistency measures the numerical agree-
ment between the price value reasoned in-
side <think> and the value finally emitted in
<answer> (agreement within tolerance), not tag
well-formedness. SFT-only fits the long rationale
via token-level likelihood, and the <answer> field
is generated as another free-text restatement that
is not constrained to anchor the <think> conclu-
sion, so its numerical value frequently drifts away
from the reasoned value; consistency therefore
drops to 36.83% and MAPE rises slightly (35.30
vs. 33.43). This reflects reason–answer misalign-
ment rather than a loss of estimation capability.

GRPO-only, applied without the SFT-formed rea-
soning structure, has no stably reasoned conclu-
sion to align against and leaves the consistency dis-
tribution essentially unchanged (85.22 vs. 85.23).
Consistency is thus achieved jointly by SFT and
GRPO: the reasoning structure comes from SFT,
while the GRPO reward—which acts directly on
the parsed <answer> value—calibrates the answer
toward both the reasoned conclusion and the true
cost, raising consistency to 100%.

Why scale alone is not enough. A consistent
finding across Table 1 is that simply increasing
parameter count does not close the gap on this
task: 235B-parameter open VLMs and propri-
etary multimodal APIs all sit clearly above the
COST-LLM MAPE. Procurement-cost estimation
is a domain-specific numerical regression problem
whose bottleneck lies in extracting the right prod-
uct attributes and mapping them to a calibrated
cost range, not in broad knowledge or long-chain
reasoning. Because true procurement costs and
supplier-side cost structures are rarely visible in
public pretraining corpora, both small and large
models share a similar prior gap and tend to fall
back on coarse price heuristics. Larger models
also generate longer rationales, which we found
does not necessarily improve numerical calibra-
tion and can introduce inconsistency or format
drift. Domain-specific SFT and RL are therefore
a more deployment-relevant lever than parameter
scaling for this vertical.

Bucket, distribution, and consistency analyses.
Across procurement-cost buckets, COST-LLM
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Table 3: Online complementary-detection evaluation
on listings covered by both branches. COST-LLM-only
detections are counted at pred_ratio≥2.5.

Metric Value

Test listings sampled 121,395
Baseline detections 7,628
COST-LLM-only detections 2,344
Shared detections (intersection) 466
COST-LLM total detections 2,810
Combined unique detections (union) 9,972
Relative complementary-detection yield 30.73%

outperforms the production baseline throughout
and the larger Kimi-K2.5 in most buckets; its
sample-level errors also have a lower median
and tighter concentration. We additionally track
rationale–answer consistency because compact
models may reason to one value but emit an-
other. COST-LLM reaches 100% consistency,
tied with Qwen2.5-VL-72B; detailed plots, an
illustrative failure case, significance tests, and
teacher/evaluator sensitivity appear in Appen-
dices A.3–A.5.

4.2 Online Complementary-Detection
Evaluation

We deploy COST-LLM as an auxiliary signal in
the live price-anomaly pipeline. The production
baseline is an in-platform same-item comparative-
pricing system that flags listings whose ask-
ing price deviates from aggregated same-product
prices; anomalies from either branch share the
same downstream price-governance flow. We
frame the online study as a complementary-
detection evaluation: rather than replacing the
baseline, we ask how many additional candidates
COST-LLM surfaces at a matched operating point.
Table 3 summarizes the matched-subset compari-
son.

We define the anomaly score as the relative de-
viation

pred_ratio =
pask − ĉ

ĉ
,

where pask is the seller’s asking price and ĉ is the
COST-LLM estimated procurement cost; a large
positive value indicates an asking price far above
the estimated cost. Let B and C denote the base-
line and COST-LLM detection sets on the matched
subset of 121,395 listings. We observe |B| =
7,628, |C \ B| = 2,344, and |B ∩ C| = 466.
Therefore, |C| = 2,810 and |B∪C| = 9,972. The
exclusive COST-LLM detections correspond to a

2,344/7,628 = 30.73% relative complementary-
detection yield; this ratio is not a conventional
recall estimate because the total number of true
anomalies in the production sample is unknown.
The operating threshold pred_ratio ≥ 2.5 is se-
lected on an audited subset so that the observed
precision of the new branch is no lower than that of
the baseline. The small intersection (466 listings;
6.1% of the baseline and 16.6% of COST-LLM)
indicates that the two signals identify largely dif-
ferent candidate sets; the COST-LLM-only de-
tections concentrate in long-tail categories where
same-item price references are sparse. The full
protocol is detailed in Appendix A.6.

Latency and serving cost. In production, COST-
LLM runs on a single A100-80G with vLLM at
0.4–0.8 s per listing, versus the observed 3–8 s end-
to-end latency of external commercial LLM/VLM
APIs, which also incur network, queueing, longer-
output, and per-token billing overhead. Because
these measurements span different serving stacks,
we report the observed ranges rather than attribut-
ing a fixed model-only speedup. The locally de-
ployed stack avoids per-call API fees and is there-
fore our practical choice for high-QPS deploy-
ment.

5 Conclusion

We presented COST-LLM, a compact 7B multi-
modal procurement-cost estimator trained with
progressive rationale construction, segment-
normalized SFT with hard-case retention, and
asymmetric MAPE-reward GRPO. It achieves
the best reported point estimates among eval-
uated systems and provides a 30.73% relative
complementary-detection yield over the produc-
tion baseline at a precision-matched operating
point. These results support task-specific
post-training as a practical route to compact
multimodal reasoning for high-throughput price
governance.

Limitations

This work has several limitations. First, our exper-
iments are based on an in-house procurement-cost
dataset from a large-scale e-commerce platform.
Although it covers diverse real-world product cat-
egories, the dataset is not publicly released at this
stage due to commercial-sensitivity constraints,
which limits exact reproducibility. The reference
procurement costs may also contain noise due
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to temporal price changes, supply-chain variation,
and category-specific pricing policies.

Second, COST-LLM improves numerical accu-
racy and response efficiency, but we do not claim
that its generated rationales are fully faithful to
the model’s internal decision process. The current
reward optimizes only the final procurement-cost
accuracy with an asymmetric MAPE penalty, and
rationale–answer consistency, format validity, and
response length are tracked as monitoring signals
rather than direct training rewards.

Third, the progressive pricing rationales are
derived from teacher-generated CoT traces and
prefix-based probing, so the quality of the con-
structed trajectories depends on the teacher model
and the prefix evaluator. Imperfect teacher ratio-
nales or inaccurate prefix judgments may intro-
duce noise into the supervision signal. Moreover,
selecting the shortest sufficient prefix can bias the
training corpus toward easy, short-rationale sam-
ples; we partially mitigate this by retaining the full
long chain for samples whose teacher rationale ad-
mits no sufficiently accurate prefix, but a residual
bias toward simpler cases may remain.

Finally, our online evaluation reports com-
plementary detections relative to the production
comparative-pricing baseline at an operating point
selected from an audited subset. The 30.73% fig-
ure is a relative complementary-detection yield,
not conventional recall, because the total num-
ber of true anomalies is unknown. Audited preci-
sion is subject to finite-sample uncertainty, and the
long-term effect on the price-governance pipeline
still requires more extensive A/B studies. We plan
to integrate process-level reasoning rewards and
broader product-domain evaluation in future de-
ployment.

Ethical Considerations

Use of proprietary data. Our internal dataset
contains product listings, attributes, comparable-
product information, and commercially sensitive
reference procurement costs governed by internal
data policies. It is not released. Model inputs ex-
clude seller/supplier identifiers and end-user PII;
product images and titles are already visible to
platform users.

Use of teacher models and commercial APIs.
From January to August 2026, we accessed
Gemini-3-Pro Preview through our organization’s
managed Vertex AI endpoint to generate task-

specific pricing rationales from de-identified prod-
uct images and attributes. These rationales served
only as supervision for optimizing a small inter-
nal procurement-cost estimator, rather than for re-
producing Gemini’s general-purpose capabilities
or developing a competing, substitutive, or sim-
ilar model. Accordingly, this use was not in-
tended to develop a competing product, substitute
for a Google Model, or reproduce capabilities sim-
ilar to a Google Model—the purposes restricted
by Section 17 of the Google Cloud Service Spe-
cific Terms. Inputs excluded procurement costs,
seller/supplier identifiers, and end-user PII; out-
puts remained internal and were not redistributed.
Sections 18 and 20(a) further provide that Google
does not train on Customer Data without permis-
sion, that Generated Output is Customer Data,
and that Google does not assert ownership over
newly created intellectual property in such output.
Gemini-3-Flash-Preview in Table 1 is an inference-
only baseline.

Intended use and human oversight. COST-
LLM is an auxiliary recall signal for listings
whose asking price appears high relative to esti-
mated procurement cost. It neither penalizes sell-
ers nor changes prices autonomously. Flagged
listings enter the existing price-governance flow,
where consequential decisions are made; estimates
and rationales are decision-support evidence, not
ground truth.

Bias, robustness, and rationale quality.
Category-level errors could disproportionately af-
fect long-tail merchants. We suppress systematic
over-estimation through the asymmetric MAPE
reward and monitor per-bucket MAPE for model
selection and deployment. Rationale–answer
consistency is also monitored; inconsistent out-
puts are escalated for review rather than silently
consumed.
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A Additional Experimental Details

A.1 Prompts, Output Format, and Baseline
Details

Prompts. The teacher acts as a procurement-
cost expert and performs evidence-driven progres-
sive reasoning over the product image, attributes,
comparable products, and pricing knowledge, un-
der a fixed template: (i) 3–5 steps, each introduc-
ing new evidence; (ii) each step states whether
the estimate moves up, down, or stays, and why;
(iii) no boilerplate; and (iv) the final answer must
stay consistent with the reasoning. A suggested
(non-verbatim) order anchors an initial estimate
from category/brand/comparables, then revises for
material, craftsmanship, seasonality, design com-
plexity, brand premium, channel take-rate, and re-
turn risk. Each sample also supplies a single-line
product JSON (SKU name, category levels, brand,
sales/detail attributes, comparable-category cost
range, and comparable products) and a pricing-
knowledge block.

Output-format contract. All systems emit a
<think> block (stepwise reasoning) and an
<answer> block (a single number). The evaluator
parses pred_price from <answer> and checks its
agreement with the last explicit price in <think>
(the consistency signal).

Baselines. For a fair comparison, all reported
baselines share the same evidence inputs x =
(I, A,C,K) and output contract, with identical
parsing rules and token budgets; each API baseline
is prompt-tuned to its best configuration. The eval-
uated systems are the general-purpose VLM/LLM
baselines and PriceBERT listed in Table 1, to-
gether with the same-backbone zero-shot, SFT-
only, and GRPO-only variants in Table 2.

A.2 Component-Level Ablations

The following controlled experiments were com-
pleted before submission but omitted from the
main text due to the page limit. All variants use the
same backbone (Qwen2.5-VL-7B-Instruct), data
scale, and post-training setup, changing only the
target component.

Progressive rationale construction. Under the
same backbone, data scale, and post-training setup,
progressive selection reduces the average rationale
length from 1,722 to 1,246 characters (27.6%).
Training on the original long CoTs increases the
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average response length from 367.8 to 393.7 to-
kens and reduces rationale–answer consistency to
20.1%; in contrast, training on the progressive
corpus (with the same segment-normalized SFT
objective) raises consistency to 84.90%, i.e., it
cuts the inconsistency rate from 79.9% to 15.1%.
This indicates that removing redundant or distract-
ing steps substantially improves reasoning–answer
alignment, which is crucial for the explainability
and evidence preservation of audit governance.

SFT objective. The “+ token-level SFT
only” row of Table 2 uses standard token-level
SFT (MAPE/Acc@10/Acc@20/consistency
= 35.30/17.60/37.24/36.83); with this loss,
the long rationale dominates the gradient and
the short numerical answer is under-supervised,
keeping rationale–answer consistency low.
Our segment-normalized SFT normalizes the for-
mat/rationale/answer segments and up-weights the
answer, obtaining 34.60/19.30/39.00/84.90—
raising consistency from 36.83% to 84.90%—and
the asymmetric-reward RL then completes it to
100% in the full model.

RL reward. On the same test set and SFT initial-
ization, alternative gated and stepwise-threshold
reward designs fail to improve on the SFT
stage (about 34–35% MAPE), and a squared-log
(MSLE) reward degrades to 59.4% with a con-
sistency collapse; only our reward materially re-
duces error, reaching the full model’s 29.47% test
MAPE. Replacing our asymmetric penalty with a
symmetric MAPE reward (1.0× instead of 1.5×
over-estimation weight) still improves over SFT
but plateaus at 30.90% MAPE, confirming that the
asymmetry is what removes the residual overesti-
mation bias caused by anchoring on transaction-
priced comparable products.

Hard-case retention. For the ≈ 18% of teacher
rationales that admit no sufficiently accurate short
prefix, we retain the full teacher-generated chain
in the progressive corpus. Removing this retention
rule—that is, replacing those full chains with their
best truncated prefixes—degrades the full model
from 29.47% to 30.40% MAPE while leaving con-
sistency at 100%. Thus, hard-case retention con-
tributes a small but consistent accuracy gain on the
long-tail, sparse-comparable segment without in-
troducing a separate SFT pass or objective. These
estimates are indicative of the observed trends; ex-
act values may vary slightly across runs.

Table 4: Component-level ablations on the Qwen2.5-
VL-7B backbone, changing one component at a
time. Top: SFT objective (token-level vs. segment-
normalized); middle: RL reward design under the same
SFT initialization (including symmetric vs. our asym-
metric penalty); bottom: effect of removing hard-case
retention. Consist. is rationale–answer consistency
(%).

Variant MAPE↓ Acc@10 Acc@20 Consist.

SFT objective
token-level SFT 35.30 17.60 37.24 36.83
segment-
normalized SFT

34.60 19.30 39.00 84.90

RL reward (same SFT init.)
gated / stepwise
reward

34.50 19.10 38.60 83.50

symmetric
MAPE reward

30.90 19.40 39.60 100.00

squared-log
(MSLE) reward

59.40 9.80 21.30 31.20

Hard-case retention
w/o hard-case
retention

30.40 19.50 39.80 100.00

Full Cost-LLM
(ours)

29.47 19.73 40.42 100.00

A.3 Diagnostic Analyses

(a) vs. production baseline (b) vs. Kimi-K2.5

Figure 4: MAPE across procurement-cost buckets.
Kimi-K2.5 is included only here due to API-quota lim-
its.

Figure 5: Sample-level MAPE distributions for COST-
LLM and representative baselines.

A.4 Statistical Significance

Paired-bootstrap significance. We assess
whether the MAPE margins in Tables 1 and 2 are
statistically meaningful using a paired bootstrap
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Figure 6: Rationale–answer inconsistency: the ratio-
nale derives 94.8 CNY but the answer emits 105.0
CNY.

over the test set with 10,000 resamples. For
each resample we recompute the per-model
MAPE on the same drawn listings, so that all
systems are compared on identical samples, and
report the mean paired difference with a 95%
percentile confidence interval (CI). Against the
strongest API baseline (Doubao-Seed-1.6, MAPE
30.28%), the 0.81-point paired MAPE reduction
of COST-LLM has a CI that includes zero, so we
treat this gap as not statistically decisive. Against
the remaining API and open baselines (all at
MAPE ≥ 31.8%) and the same-scale zero-shot
/ SFT-only / GRPO-only variants in Table 2, the
paired reductions are larger and their 95% CIs
exclude zero. Reference costs remain subject to
temporal and supply-chain noise, as discussed
in Limitations; without a separately quantified
reliability estimate, we do not use label noise to
support a numerical superiority claim.

A.5 Teacher and Evaluator Sensitivity

To show that our conclusions do not hinge on
a specific proprietary teacher or prefix evalua-
tor, we re-run the progressive construction and
the full two-stage pipeline after swapping each
component in turn with an alternative of compa-
rable capacity, keeping the backbone (Qwen2.5-
VL-7B-Instruct), data scale, sufficiency threshold
(ϵ = 0.20), and training setup fixed. Concretely,
we replace the proprietary teacher T (Gemini-3-
Pro Preview) with the fully open-weight Qwen2.5-
VL-72B-Instruct as an alternative teacher, and
separately replace the frozen prefix evaluator gϕ
(Qwen3-VL-32B, zero-shot) with a different open
VLM of similar scale. With the open-weight
teacher, COST-LLM reaches 30.10% MAPE (ver-
sus 29.47% with the proprietary teacher), and

swapping the evaluator changes MAPE by at most
±0.5 points; in both cases the qualitative findings
are unchanged: progressive selection still short-
ens rationales while preserving accuracy, segment-
normalized SFT still restores rationale–answer
consistency, and the asymmetric-reward RL stage
still yields the final calibration and 100% con-
sistency. This confirms that the recipe—rather
than any single proprietary model—drives the ob-
served improvements, and that a fully open-weight
teacher can substitute for the proprietary one with
only a minor accuracy cost. (Reported deltas are
indicative of the observed trend.)

A.6 Online Evaluation Protocol

This appendix details the online matched-subset
protocol summarized in Section 4.2 and Table 3.

Sampling and matched subset. We draw a pro-
duction sample of 121,395 live listings from the
price-anomaly pipeline over a fixed recent sam-
pling window. The matched subset is defined
as listings covered by both branches—the in-
platform same-item comparative-pricing baseline
and the COST-LLM branch—so that every re-
ported number is computed on listings for which
both signals are applicable; listings covered by
only one branch are excluded from the compari-
son.

Precision-matching and threshold. The COST-
LLM branch flags a listing as anomalous when
its relative deviation pred_ratio = (pask − ĉ)/ĉ
exceeds a threshold. We select this threshold by
comparing audited precision: on a subset of about
1,000 flagged listings, human reviewers label each
as a true or false anomaly, and we set the threshold
to pred_ratio≥ 2.5, the smallest evaluated value
at which the new branch’s observed audited preci-
sion is no lower than that of the baseline. This is
an operating-point calibration based on a finite au-
dited sample, not a guarantee that population pre-
cision or the false-positive rate is identical.

Complementary-detection audit. At this op-
erating point, the baseline flags 7,628 listings.
COST-LLM flags 2,810, comprising 466 shared
and 2,344 exclusive detections; the union there-
fore contains 9,972 unique listings. The ra-
tio 2,344/7,628 = 30.73% is the relative
complementary-detection yield, not a conven-
tional recall improvement because the total num-
ber of true anomalies is unknown. The audited
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sample suggests that the exclusive detections con-
centrate in long-tail categories where same-item
price references are sparse, consistent with the two
signals identifying different candidate sets. Re-
ported audit sample sizes are approximate operat-
ing figures for the deployed pipeline.
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