
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053
054

Trace-Aware Routing for Cost-Effective Human–AI Collaborative Labeling

Anonymous Authors1

Abstract
Large-scale generative AI systems, such as text-to-
image models, require reliable labels to evaluate
whether outputs satisfy intended specifications
(e.g., prompt fidelity or rubric-based quality). In
practice, AI labelers (e.g., large language model
(LLM)/vision-language model (VLM) judges) are
efficient but may exhibit systematic errors on sub-
tle or fine-grained aspects of text–image align-
ment, whereas human labels can be more reliable
but costly. This raises a natural question: How
can we coordinate AI and human labelers so that
only instances likely to be mislabeled are esca-
lated to humans, under a fixed human-labeling
budget? Furthermore, in many modern AI label-
ing workflows that rely on LLM/VLM judges,
labels are produced together with an explicit rea-
soning trace prior to finalization, allowing early
human intervention and potential savings in AI
labeling computational cost. Yet, a key challenge
is when to escalate, as intervening too late wastes
AI computation and may fail to prevent incorrect
labels, while intervening too early incurs unneces-
sary human effort. Existing deferral and routing
methods typically make one-shot decisions and
do not exploit trace information.

Here, we construct a trace-aware AI router for
cost-effective human–AI collaboration with three
key features: (i) it conditions routing decisions
on the evolving reasoning trace of the AI la-
beler; (ii) it performs stepwise monitoring to de-
termine the earliest point at which human review
is needed; and (iii) it incorporates human bud-
get control through a feature-based disagreement
scoring model, prioritizing hard instances where
AI and human judgments are more likely to differ.
Empirical results across multiple baselines show
that our method consistently improves labeling
accuracy under fixed human budgets, demonstrat-
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ing the value of reasoning traces for sequential,
budget-aware routing.

1. Introduction
Reliable image-text labels are a key bottleneck for evaluat-
ing whether large-scale multimodal generative AI systems
(e.g., text-to-image models and vision-language assistants)
satisfy intended specifications such as prompt fidelity, cap-
tion correctness, or rubric-based quality. Concretely, given
an image–text pair, the labeling task asks whether the image
satisfies the textual specification.

Producing these labels at scale can be costly in two dimen-
sions: human effort and AI computation. Human labels
are often more reliable on subtle or fine-grained cases, but
they are expensive and capacity-limited. AI labelers (e.g.,
large language model (LLM)/vision-language model (VLM)
judges) are typically faster and cheaper per instance, yet
they are not free in practice: generating a label can re-
quire substantial inference with long prompts and multi-step
reasoning, leading to nontrivial token usage, latency, and
serving cost (Han et al., 2025; Agrawal et al., 2024; Yao
et al., 2024). Moreover, AI judges remain imperfect and
can exhibit systematic failure modes on subtle attributes
(e.g., counting, relations, negation, or fine-grained objects),
motivating selective use of human review.

This setting raises a natural question: How can we coordi-
nate AI and human labelers so that only instances likely to
be mislabeled are escalated to humans, under fixed budgets
for both human labeling and AI computation? Classical se-
lective prediction and learning-to-defer frameworks address
related problems by learning one-shot abstention policies
that defer uncertain instances to a human labeler and oth-
erwise rely on the model prediction (Madras et al., 2018;
Mozannar & Sontag, 2020). However, these approaches
typically make the deferral decision only after the AI label
has been fully produced, and thus do not directly control AI
inference effort.

In contrast, many modern LLM/VLM labeling pipelines
produce labels together with an explicit reasoning trace
prior to finalization. This creates two opportunities that are
largely absent in one-shot deferral: First, the system can
perform trace-prefix monitoring and intervene early to avoid
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wasting additional AI computation. Second, the evolving
trace can provide richer diagnostic signals (e.g., missing evi-
dence, speculative claims, internal inconsistencies) that help
identify likely AI mistakes, improving the quality of escala-
tion decisions and ultimately the final (post-routing) label
accuracy under the same human budget. The core challenge
is therefore not only which instances to escalate, but also
when to escalate during the AI labeler’s stepwise reason-
ing: intervening too late wastes AI compute and may still
allow incorrect labels, while intervening too early increases
unnecessary human workload and reduces throughput.

Compared to our trace-aware, stepwise routing formula-
tion, most existing deferral/routing methods are one-shot:
they make a single abstain/defer decision after observing a
fixed feature vector or a final model score (Madras et al.,
2018; Mozannar & Sontag, 2020). To our knowledge,
no existing method leverages the reasoning trace of an
LLM/VLM-based labeler as a signal to decide when to es-
calate an instance to human review or to halt AI inference
mid-generation. Training-free heuristics (e.g., thresholding
image–text compatibility scores) similarly provide simple
abstention rules but do not leverage the richer diagnostic
information revealed in an AI labeler’s reasoning trace (Hes-
sel et al., 2021). Recent LLM-based selective answering
and risk-rating approaches show that language models can
express uncertainty and abstain, yet they typically operate as
single-step policies and do not perform trace-prefix monitor-
ing or enable early stopping during trace generation (Strong
et al., 2025; Machcha et al., 2025; Mao et al., 2025). As a
result, existing approaches offer limited control over when
escalation happens and do not capitalize on the sequential
evidence exposed by reasoning traces.

Our work makes three contributions:

• We formulate a sequential routing framework that mon-
itors prefixes of an AI judge’s reasoning trace and de-
cides when to ESCALATE or CONTINUE. By leverag-
ing diagnostic signals in intermediate reasoning (rather
than only a final score), the router makes more ac-
curate escalation decisions and yields more accurate
post-routing labels under the same human-review bud-
get; in streaming deployments, it can also early-stop
the judge to avoid wasted AI computation.

• We instantiate the stepwise router as a VLM policy
(optionally with retrieval-augmented in-context demon-
strations for robustness across error modes) and pair it
with a lightweight MLP-based disagreement predictor
that estimates AI–human disagreement scores. The
disagreement score prioritizes instances so that limited
human effort is spent on the most error-prone cases.

• By leveraging semantically rich reasoning traces pro-
duced by VLMs, our trace-aware routing system

achieves higher post-routing accuracy at fixed esca-
lation budgets and catches a larger fraction of AI la-
beling mistakes than one-shot deferral heuristics and
standard learning-to-defer baselines, both under i.i.d.
evaluation and distributional shift. The stepwise policy
also yields an auditable stopping point that records the
trace evidence available at the moment escalation is
triggered.

2. Problem setup
We consider a dataset of n independent image-text pair
instances {(Wi, Xi)}ni=1, where Wi is a text prompt (such
as an image caption) and Xi is the corresponding image.
We write (W,X) ∼ P for the population distribution over
image-text pairs. For each pair (Wi, Xi), the evaluation
question is:

“Does Wi accurately describe Xi?”

In this case, a label refers to a binary response (e.g. yes/no)
that evaluates whether the text Wi accurately describes the
image Xi. We denote the label space as Y . We consider
two types of labels: AI label, and human label.

AI label can be generated by an LLM/VLM. Specifically, for
each instance (Wi, Xi), the LLM generates the following:

{YAI,i ∈ Y, Ri},

where YAI,i denotes an AI label that answers the evaluation
question, and Ri is an unstructured reasoning justifying
the label. Let Ri,≤s denote the raw text generated by the
judge up to stream position s (e.g., emitted tokens or emitted
text chunks). We define a deterministic streaming parser
LABELSTEP(·) that extracts the completed reasoning steps
available so far:

(ri,1, . . . , ri,t(s))← LABELSTEP(Ri,≤s),

where t(s) is the number of completed steps detected after
observing the prefix Ri,≤s. The router is queried only when
t(s) increases, i.e., when a new completed step is emitted.
If generation proceeds to completion, the final AI output is
(YAI,i, Ri), where Ri is the full raw trace. In that case,

(ri,1, ri,2, . . . , ri,Ti)← LABELSTEP(Ri)

denotes the completed step sequence used for logging and
offline analysis.

Human labels are generated by a human labeler who an-
swers the same evaluation questions as the AI labeler, de-
noted as

YH,i ∈ Y.

Generally, because human labeling is costly, human labels
are only obtained for an index set IL ⊆ {1, . . . , n}. We
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write IU = {1, . . . , n} \ IL for the remaining deployment
indices. We use DL and DU to denote datasets, IL and IU
for index sets. Note that in all the labeled data, we can
obtain an AI label at the same time for all i ∈ IL. Therefore,
on the labeled instances i ∈ IL, we define an AI labeling
error as

δi := 1{YAI,i ̸= YH,i} ∈ {0, 1}.
Because human labels are considered as the “gold labels”,
δi = 1 when there is a disagreement between the AI and the
human labeler, and δi = 0 when AI and the human labeler
agree. Our goal is to design an AI router that is trained to
identify, as early as possible, instances with δi = 1.

Formally, we define a router as an online stopping policy
that reads the AI labeler’s reasoning one step at a time
and decides whether to escalate the instance to a human
reviewer. After observing the first t completed reasoning
steps for instance i, the router has access to

Hi,t := (Wi, Xi, ri,1:t), Zi,t := Φψ(Hi,t).

Here Φψ(·) formats Hi,t into router input features under
design choices ψ, such as prompt formatting, demonstration
selection, and retrieval strategy. We consider a family of
routers indexed by ψ ∈ Ψ. Each ψ induces a policy πψ that
maps the step-t features to a binary decision:

A
πψ
i,t := πψ(Zi,t) ∈ {0, 1},

where Aπψi,t = 1 means ESCALATE (stop and route to hu-
man), and Aπψi,t = 0 means CONTINUE. The induced stop-
ping time under πψ is

τ
πψ
i := inf{t ∈ {1, . . . , Ti} : A

πψ
i,t = 1},

where τπψi ∈ {1, . . . , Ti} ∪ {NA},

with τπψi = NA if the router never escalates. We denote the
induced policy class by Π := {πψ : ψ ∈ Ψ}.

Let Ei ∈ {0, 1} denote whether instance i is actually
escalated to a human after budget enforcement. In the
population-level policy formulation without finite-sample
budget exhaustion, Ei = 1{τπψi ̸= NA}. The final post-
routing label is

Ỹi :=

{
YH,i, Ei = 1,

YAI,i, Ei = 0.

AI router trades off (i) leaving AI errors uncorrected and
(ii) spending human effort. Therefore, we optimize over
ψ ∈ Ψ (equivalently, over πψ ∈ Π), and consider a budget-
constrained objective. In the following population objective,
δ = 1{YAI ̸= YH} and τπψ denote the AI-error indicator
and stopping time for a generic draw from the population.

min
ψ∈Ψ

E[δ 1{τπψ = NA}] s.t. E[1{τπψ ̸= NA}] ≤ ρ,
(1)

Figure 1. Trace-aware AI router illustration. Example 1 illustrates
a case where the AI labeler’s reasoning trace exhibits clear errors,
indicating that the instance should be escalated to a human labeler.
Example 2 shows a contrasting case in which the reasoning trace
remains coherent and aligned with the correct label, suggesting
that no human escalation is necessary.

Our primary focus is selecting ψ (prompt design and demon-
stration construction) to induce a policy πψ that decides
when to escalate during stepwise reasoning.

3. Our proposed method
In this section, we introduce a budgeted human–AI label-
ing workflow that combines a disagreement predictor with
a trace-aware, stepwise router. First, using a labeled set
with AI-judge outputs, reasoning traces, and human gold la-
bels, we train an MLP to estimate AI–human disagreement
as an explicit measure of instance disagreement probabil-
ity. Second, we design a trace-aware router that monitors
progressively longer prefixes of each reasoning trace and
decides whether to ESCALATE to a human or CONTINUE,
with router designs selected on a held-out development split
under either a hard budget or a cost-penalized objective.
Third, at deployment, unlabeled instances are prioritized by
predicted disagreement probability and processed online,
escalating only when warranted and while budget remains,
otherwise deferring to the AI label. Together, these com-
ponents form an end-to-end procedure that enables early,
informed escalation while enforcing system-level budget
control. We summarize our method in Algorithms 1 and 2,
and provide a detailed illustration below.

We begin by introducing the inputs to our algorithm.
We consider a labeled dataset, defined as DL :=
{(Wi, Xi, YAI,i, Ri, YH,i)}i∈IL , and define the unlabeled
deployment dataset as DU := {(Wi, Xi)}i∈IU . We fix the
human escalation budget ρ ∈ (0, 1), interpreted as the maxi-
mum fraction of DU that can be escalated to human labelers
(equivalently, an absolute budget B := ⌊ρ|U|⌋). We de-
fine a trace pre-processor as LABELSTEP(·) that converts
Ri into stepwise reasoning. Split DL into a demonstration
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Algorithm 1 Trace-Aware Budgeted AI Router
1: Input: DL,DU , ρ,Ψ. Split DL into Drisk, Ddemo and Ddev.
2: fθ ← FITDISAGREEMENT

(
{(g(Wi, Xi),1{YAI,i ̸=

YH,i})}i∈Irisk

)
.

3: ψ̂ ← SELECTROUTER(Ψ,Ddev,Ddemo, ρ).
4: B ← ⌊ρ|IU |⌋, b ← 0; compute p̂i = fθ(g(Wi, Xi)) for
i ∈ IU . Let O sort IU by decreasing p̂i.

5: for all i ∈ O do
6: τ̂i ← ONLINEROUTER(Wi, Xi,Ddemo, ψ̂) if b < B, oth-

erwise NA.
7: if τ̂i ̸= NA then
8: Stop generation; obtain YH,i; Ei ← 1, b ← b + 1,

Ỹi ← YH,i.
9: else

10: Complete the AI judge; obtain YAI,i; Ei ← 0, Ỹi ←
YAI,i.

11: end if
12: end for

set Ddemo and a development set Ddev, with corresponding
index sets Idemo and Idev. We also specify a router family
{πψ : ψ ∈ Ψ}, where ψ indexes prompt design choices
(e.g., demonstration format, retrieval method, number of
demos m, instruction wording/strictness).

Step 1: Disagreement scoring on image-text instances.
Our routing problem is fundamentally budgeted: we can-
not send every AI-produced label to a human, so we need
a principled way to prioritize which instances deserve hu-
man attention when capacity is limited. To this end, we
first learn an instance-level disagreement score that esti-
mates how likely the AI labeler’s output label will diverge
from a human label. This score serves two purposes: (i) it
operationalizes “difficulty” as predictable AI–human dis-
agreement rather than ad hoc heuristics, and (ii) it provides
a global ranking over instances that we later use to allocate
limited human effort where it has the highest expected value.
Concretely, for each labeled instance i ∈ IL we construct
a pre-routing feature representation zi = g(Wi, Xi), where
g(·) can include vision-language embeddings, such as CLIP
text/image embeddings, their similarity, and caption/image
metadata. The feature map g is deliberately restricted to
quantities available before running the AI judge to com-
pletion. We then fit an MLP risk model fθ to predict the
probability of disagreement,

p̂i := fθ(zi) ≈ P(δi = 1 | zi), i ∈ IL.

Because p̂i is trained on observed AI-human disagreements,
it provides a learned estimate of which image-caption pairs
are most prone to AI mistakes, enabling systematic budget-
ing and evaluation rather than relying on subjective “hard-
ness” cues.

Step 2: Develop trace-aware AI router. In the second
step, our core objective is to learn a router that (i) leverages
the reasoning trace as incremental evidence, and (ii) can

Figure 2. Example of high disagreement score and low disagree-
ment scores.

stop the AI labeler early when a mistake becomes likely,
reducing wasted computation and enabling timely human
correction. We implement this as a trace-aware, stepwise
decision policy and tune it on a development split.

Specifically, for each candidate router design ψ ∈ Ψ (cap-
turing choices such as prompt format, strictness wording,
number of demonstrations m, and retrieval style), we eval-
uate it on Idev. For each j ∈ Idev, we first convert the
raw trace Rj into stepwise evidence using the deterministic
preprocessor LABELSTEP: (rj,1:Tj )← LABELSTEP(Rj).
Next, we provide in-context calibration by retrieving m
similar labeled examples from the demonstration set and
formatting them as demonstrations. Each demonstration
includes (W,X, r1:T ), together with supervision indicat-
ing whether the completed AI label agreed with the hu-
man label. The router itself is queried only on the current
instance state Hj,t = (Wj , Xj , rj,1:t), and outputs either
ESCALATE or CONTINUE. Starting at t = 1, the router
observes Hj,t = (Wj , Xj , rj,1:t) and decides whether the
available evidence is already sufficient to justify human re-
view. If it outputs ESCALATE, we record the stopping time
τ̂ψj = t; otherwise we advance to the next reasoning step. If
escalation never occurs, we set τ̂ψj = NA. This yields not
only an escalation decision, but also an intervention time,
which directly captures the “when to escalate” problem. The
stepwise routing procedure is summarized in Algorithm 2.

On the development split, full traces are already logged.
Therefore, for model selection we reconstruct the
complete step sequence once via (rj,1, . . . , rj,Tj ) ←
LABELSTEP(Rj), and replay prefixes offline. This offline
replay is used only for development-time evaluation of can-
didate router designs; deployment uses the same parser
incrementally on the live generation stream.

We summarize each design ψ by three empirical quantities
on Ddev. First, the missed-error loss is

L̂oss(ψ) :=
1

|Idev|
∑
j∈Idev

δj 1{τ̂ψj = NA}.
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Algorithm 2 Online Stepwise Trace Router

1: Input: instance (W,X), demo pool Ddemo, router design ψ.
2: Output: stopping time τ̂ ∈ {1, . . . , T} ∪ {NA}.
3: Mψ ← RETRIEVE(Ddemo,W,X, ψ); t← 0.
4: while LABELSTEP emits a new step rt+1 do
5: t← t+ 1; Ht ← (W,X, r1:t); Zt ← Φψ(Ht;Mψ).
6: if πψ(Zt) = ESCALATE then
7: return τ̂ = t.
8: end if
9: end while

10: return τ̂ = NA.

Second, the normalized AI-effort proxy is

Êffort(ψ) :=
1

|Idev|
∑
j∈Idev

c(τ̂ψj ;Tj),

where

c(τ̂ψj ;Tj) =

{
τ̂ψj /Tj , τ̂ψj ̸= NA,

1, τ̂ψj = NA.

Third, the escalation rate is

Êsc(ψ) :=
1

|Idev|
∑
j∈Idev

1{τ̂ψj ̸= NA}.

We then select ψ̂ by directly enforcing the human budget on
the development set,

ψ̂ ∈ arg min
ψ∈Ψ

L̂oss(ψ) s.t. Êsc(ψ) ≤ ρ, (2)

with ties broken by smaller Êffort(ψ). This development
step is what turns trace monitoring into a controlled routing
policy: it ensures that the router is calibrated to the desired
escalation behavior (budget) while explicitly trading off
missed AI errors versus intervention cost.

Step 3: Budget-constrained deployment. At deployment
time, we combine disagreement-based prioritization with
online trace monitoring under a fixed human budget. For
each deployment instance i ∈ IU , we first compute a pre-
routing disagreement score using only quantities available
before AI completion: zi = g(Wi, Xi), p̂i = fθ(zi). We
sort IU by decreasing p̂i, set B = ⌊ρ|IU |⌋, and initialize the
budget counter b = 0.

We then process instances in this order. If b = B, the budget
is exhausted, so the AI judge runs to completion and we
set Ei = 0. If b < B, we stream the AI judge online
and apply the selected router ψ̂ to each newly completed
trace prefixHi,t = (Wi, Xi, ri,1:t).When the router returns
ESCALATE, we stop generation, request the human label
YH,i, set Ei = 1, and increment b. If the router never
escalates, the AI judge completes normally, producing YAI,i,
and we set Ei = 0. The final post-routing label is

Ỹi :=

{
YH,i, Ei = 1,

YAI,i, Ei = 0.

Thus, the disagreement score determines which instances
receive priority for the limited human budget, while the
trace-aware router determines when escalation should occur
for each prioritized instance.

4. Experiments
In this section, we describe the experimental setup used to
evaluate trace-aware, budgeted human–AI routing for im-
age–caption labeling and the experiment results. We first
introduce the underlying image–caption benchmark and
how we treat its human judgments as gold supervision, then
define a suite of comparison baselines that span judge-only
prompting, trace-based routing, and classical learning-to-
defer risk scoring under the same escalation budget. To
stress-test robustness beyond i.i.d. evaluation, we also con-
struct topic-shifted train/test splits by clustering caption
embeddings and holding out entire latent caption topics
for testing, and we quantify the resulting covariate shift
using both distributional statistics and embedding-space
two-sample tests. Finally, we report evaluation metrics that
jointly capture agreement with human labels and the quality
of escalation decisions (e.g., how many cases are sent to
humans, how many true AI errors are caught, and how many
escalations are wasted), enabling a direct comparison of
accuracy–effort tradeoffs across all methods.

4.1. Experiment setup

Dataset. We use Open Images–based Rated Image Cap-
tions (v2), a Google-released benchmark of image–caption
pairs with large-scale human quality judgments (Levinboim
et al., 2021). The images are randomly sampled from the
Open Images Dataset (OID), while the captions are automat-
ically generated by transformer-based captioning models
trained on Conceptual Captions. Each image–caption pair
is evaluated by up to 10 human raters who answer a single
binary question: “Is this caption good for the image?” The
dataset provides the raw counts and a binned average rating,
which maps agreement into discrete rating bins. The release
includes a total of 144,046 image-caption pairs plus accom-
panying metadata files that contain fields needed to obtain
the images (e.g., URLs, licensing, and rotation information).
We treat the human judgments as ground truth supervision
for whether the caption matches the image, and we addi-
tionally attach an AI judge label to each pair to define an
AI–human disagreement signal for routing experiments.

Benchmark methods. We compare our proposed trace-
aware, budgeted routing procedure against a suite of bench-
marks designed both for fair comparison and for ablation-
style diagnosis of which components matter (trace condi-
tioning, retrieval, learned risk scoring, and the choice of
underlying VLM/LLM). We group baselines into the follow-
ing categories.
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(i) Prompting-only baselines (no routing). These base-
lines measure the intrinsic labeling quality of an AI judge
when used as a standalone labeler, i.e., without any hu-
man intervention. We include standard zero-shot and
few-shot prompting, which directly output AI labels for
each image–caption pair; by construction, these methods
have 0% escalation. In addition, we include two stronger
AI-labeler-only benchmarks, AI-only (OpenAI) and
AI-only (Qwen), which run the same VLM models
used in our pipeline (respectively GPT-4o-mini and
Qwen2-VL-7B-Instruct) to produce labels (and full
reasoning traces) but never escalate to humans. These AI-
only variants are important because they isolate the value
of human routing from improvements that might simply
come from using a stronger judge model: they represent
the natural alternative of “just label everything with a better
VLM/LLM” and therefore provide a direct point of compar-
ison for cost–accuracy tradeoffs.

(ii) Trace-based router baselines (trace ablations). To test
whether routing benefits from observing the judge’s inter-
mediate reasoning, we implement two trace-aware routers:
a Reasoning trace only baseline that routes based
solely on the unfolding trace, and a Reasoning trace
+ LLM retriever baseline that augments the router
with retrieval-selected in-context demonstrations. Both
run an LLM router that repeatedly outputs ESCALATE or
CONTINUE as it reads an increasing trace prefix. This
category ablates our framework’s use of trace information
and retrieval augmentation, without introducing an explicit
learned risk model.

(iii) No-trace budgeted router baseline (trace removal). To
isolate the specific contribution of reasoning traces while
holding fixed the rest of our system design, we add a no-
trace variant of our method that still uses the same learned
MLP difficulty scoring model to rank instances and enforce
the same budgeted routing procedure, but makes routing de-
cisions without access to the judge’s step-by-step reasoning.
Concretely, this baseline uses the same features to priori-
tize high-risk examples and then applies the same router
logic and budget constraint, but the router only observes the
image, caption, and the final AI label. This baseline is a
direct ablation that answers whether our gains are driven by
cost-aware prioritization and budget control alone, or the
additional information contained in intermediate reasoning
traces.

(iv) Learning-to-defer (L2D) benchmarks. To compare
against established deferral literature, we include stan-
dard one-shot L2D policies that learn or define a scalar
risk score and defer the top-ρ fraction to humans (Madras
et al., 2018; Mozannar & Sontag, 2020). Concretely,
L2D-CLIP-Rule uses CLIP-based image–text compat-
ibility as a training-free deferral score (Hessel et al.,

Table 1. Comparison of data splits under different distributional
shift measures. “JS divergence” refers to the Jensen-Shannon
divergence. “NN” refers to nearest neighbor”.

Metrics Random Distributional
split shift

Topic overlap 21 0
JS divergence (unigram) 0.265 0.342
Centroid cosine distance 0.012 0.049
Average NN distance 0.256 0.343
P(YH = 1) (train) 0.349 0.363
P(YH = 1) (test) 0.357 0.302

2021); L2D-LogReg(CLIP) and L2D-MLP(CLIP)
learn supervised deferral scores from vision–language fea-
tures and tune a threshold to meet the human budget
(Madras et al., 2018; Mozannar & Sontag, 2020); and
L2D-LLM-Risk(vision LLM) replaces the learned
score with an LLM-produced discrete risk rating and defers
the most uncertain cases under the same budget constraint
(Strong et al., 2025; Machcha et al., 2025; Mao et al., 2025).
This category isolates the limitations of one-shot risk scor-
ing compared to our stepwise trace-aware routing.

(v) Proposed method. Finally, we evaluate two vari-
ants of our proposed method using GPT-4o-mini and
Qwen2-VL-7B-Instruct (open-source), allowing us
to assess robustness of the routing design across different
underlying judge models while holding the routing logic
and budget constraints fixed.

Construction of training and testing datasets with dis-
tributional shift. To construct training and testing sets
with distributional shift, we first embed every caption W
into a semantic vector space using a fixed text encoder, and
then cluster these caption embeddings into K caption topic
groups, treating each cluster as a latent topic. We create
shifted splits as follows: We assign all examples whose
captions fall into a selected subset of clusters to the test
set and all remaining clusters to the training set, ensuring
the train and test caption topics are disjoint.To control shift
severity, we rank clusters by their distance from the global
caption-embedding centroid and designate the farthest clus-
ters as held-out test topics; the remaining clusters form the
training set. Finally, we quantify the resulting distributional
shift using complementary measures, including (i) the AUC
of a classifier trained to distinguish train vs. test captions
from their embeddings, where a higher AUC indicates a
stronger shift, (ii) Jensen-Shannon (JS) divergence between
train and test unigram distributions, and (iii) embedding-
space distances such as centroid cosine distance or average
nearest-neighbor (NN) distance from test to train.

To make the distributional-shift setting concrete, we summa-
rize the resulting train/test splits in Table 1. Compared to a
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standard random split, the proposed topic-holdout construc-
tion yields zero topic overlap between training and testing,
confirming that test captions come from entirely disjoint
latent caption clusters. Consistent with this, all shift quan-
tification measures indicate a substantially stronger covari-
ate shift: unigram JS divergence increases and embedding-
space distances also grow, collectively showing both lexical
and semantic separation between the two sets. Importantly,
the human label rate remains of similar scale across splits, al-
though the shift split exhibits a noticeable label-rate change
between train and test, suggesting that topic holdout can
also induce a mild label distribution shift in addition to co-
variate shift. Appendix Figure 9 provides a qualitative sanity
check by visualizing representative topics from each split,
illustrating that the training and testing captions concentrate
on different semantic themes, as intended.

Evaluation metrics. Let Ei ∈ {0, 1} indicate whether
instance i is actually escalated to a human, and let Ỹi de-
note the final post-routing label. We report: (1) Classifi-
cation accuracy Pr(Ỹ = YH), measuring agreement be-
tween the final routed label and the human label. (2) Es-
calation rate Pr(E = 1). (3) Correct escalation rate / er-
ror recall Pr(E = 1 | YAI ̸= YH), the fraction of AI
mistakes caught by escalation. (4) False escalation rate
Pr(E = 1 | YAI = YH), the fraction of already-correct AI
labels unnecessarily sent to humans. (5) Escalation preci-
sion Pr(YAI ̸= YH | E = 1). For metrics involving YAI ,
YAI denotes the completed AI-judge label from the logged
evaluation run; it is used to determine whether an escala-
tion caught a counterfactual AI mistake. In addition, we
report total tokens and LLM runtime to characterize AI-side
computation.

Ablation study. We run two ablations to isolate the main
sources of gain in the proposed router. First, we com-
pare the online stepwise router with a full-trace one-shot
router. This baseline keeps the same disagreement scorer
fθ, disagreement ordering p̂i, demonstration pool Ddemo,
router model, prompt template, and budget constraint, but
waits until the AI judge has finished and queries the router
once on Hi,Ti = (Wi, Xi, ri,1:Ti). Thus, it uses the same
trace evidence as the proposed method but cannot early-
stop judge generation. Second, we vary the polling interval
∆ ∈ {1, 2, 4}, where the router is queried after every ∆ com-
pleted reasoning steps, with a final query allowed at judge
completion. For each ∆, we re-select the router design ψ̂∆

on Ddev using the same budget-constrained criterion with
ρ = 0.30. These ablations test whether the gains come from
online intervention rather than trace access alone, and how
router-query frequency trades off compute and accuracy.

4.2. Experiment results

We summarize the accuracy–escalation tradeoff in Fig-
ure 3. On the image–caption agreement task, the judge-
only prompting baselines that do not involve human routing
achieve relatively low agreement with human labels (zero-
shot and few-shot, both at 0% escalation). We further in-
clude two stronger AI-labeler-only baselines—AI-only
(OpenAI) and AI-only (Qwen)—which mirror our
pipeline in that they run a capable VLM/LLM judge to
produce a final yes/no label (and a full reasoning trace)
but never escalate to humans; these methods achieve sub-
stantially higher accuracy at 0% escalation, establishing
a meaningful “strong AI-only” reference point. However,
routing remains valuable because it selectively invokes hu-
mans under a fixed budget and, crucially, enables early
stopping of the judge’s reasoning on cases that will be
escalated, reducing judge-side compute (Table 2). Intro-
ducing human routing substantially improves post-routing
accuracy because escalated cases are corrected by hu-
mans. Among trace-based routers, Reasoning trace
+ LLM retriever achieves the highest accuracy but at
a high escalation rate, making it expensive in human ef-
fort, while Reasoning trace only attains compara-
ble accuracy at a higher escalation. Under a more prac-
tical fixed budget around 30% escalation, our proposed
trace-aware router provides a stronger operating point:
Proposed (OpenAI) achieves high accuracy at 0.300
escalation—close to the best trace+retriever accuracy but
with roughly half the human workload—and Proposed
(Qwen) achieves comparable accuracy at the same esca-
lation level, indicating the routing logic remains effective
when replacing the underlying judge with an open-source
model. Importantly, the no-trace ablation highlights the
value of reasoning traces. When we keep the same bud-
geted routing procedure and the same MLP-based difficulty
ranking but remove access to the judge’s intermediate rea-
soning, performance drops to lower accuracy at 30% escala-
tion. This gap shows that gains are not explained by budget
control or prioritization alone: conditioning escalation deci-
sions on the evolving reasoning trace materially improves
which instances are escalated and allows the router to in-
tervene at more informative points in the decision process.
Finally, at matched escalation rates, the learning-to-defer
(L2D) baselines are consistently lower, suggesting that one-
shot risk scoring from CLIP-style features is less effective
than stepwise, trace-conditioned escalation.

Complementing these accuracy results, Table 2 reports AI-
side computational cost: compared to AI-only labeling
(which always generates a full trace), our budgeted routing
reduces total judge output tokens and wall-clock runtime by
early-stopping the judge on escalated cases, showing that
the proposed router improves labeling accuracy and reduces
judge inference cost while respecting a fixed human-budget
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Figure 3. Labeling accuracy and escalation rate trade-off among
the benchmark methods in comparison. The grey shaded area
represents the area ”within human labeling budget” set at 30%.

Table 2. Compute comparison between AI-only labeling and bud-
geted trace-aware routing. We report (i) generated judge tokens,
which is a proxy for model inference cost and (ii) end-to-end run-
time.

Method Total tokens Runtime (min)

AI-only (GPT) 40,000 17.0
AI-only (Qwen) 44,000 72.9

Proposed (GPT, ρ=0.30) 32,800 13.94
Proposed (Qwen, ρ=0.30) 36,800 60.75

constraint.

Figure 4 reports escalation metrics in detail. The proposed
routers achieve the strongest combination of error recall and
escalation precision, especially Proposed (OpenAI), indicat-
ing that they catch more true AI mistakes while spending
fewer human labels on already-correct cases. In contrast,
the trace-only baselines and most L2D methods have lower
recall or lower precision. False escalation rates are broadly
comparable across methods, suggesting that the recall gains
of the proposed routers do not come from substantially more
unnecessary escalations.

We summarize the two ablations in Figure 5 and Appendix

Figure 4. Comparison of (A) error recall rate, (B) escalation
precision, and (C) false escalation rate.
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Ablation study: full-trace one-shot router vs. proposed online step-wise router
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Figure 5. Ablation study: online stepwise monitoring versus full-
trace one-shot routing. (A) Final accuracy, (B) error recall, (C)
escalation precision, (D) total tokens, and (E) end-to-end runtime.

Figure 10. The full-trace one-shot router uses the same
trace evidence as the proposed router, but only after judge
completion. It therefore achieves slightly stronger quality
metrics, but cannot reduce judge-generation cost. In con-
trast, the proposed online router trades a small amount of
final-label quality for lower token usage and runtime by in-
tervening before the trace is complete. The polling-interval
ablation further shows that less frequent router queries re-
duce router overhead, while delaying possible intervention
and increasing judge-side computation. Overall, these re-
sults show that the main benefit comes not merely from
using reasoning traces, but from using them sequentially
during generation, with moderate polling providing a practi-
cal compute-accuracy tradeoff.

Due to space constraints, we defer more experiment results
to Appendix Section A.

5. Discussion
We propose a trace-aware AI router that monitors the AI
labeler’s evolving evidence and chooses the earliest point
to intervene, which yields practical benefits in improving
labeling accuracy under a fixed budget constraint. We ac-
knowledge that the current method has several limitations
that warrant further exploration. Our deployment procedure
enforces the escalation budget by prioritizing instances us-
ing predicted disagreement probability and stopping once
the budget is exhausted. In settings where fairness or cov-
erage constraints matter, additional mechanisms may be
necessary.
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Figure 6. Labeling accuracy and escalation rate trade-off among the benchmark methods in comparison. The grey shaded area represents
the area ”within human labeling budget” set at 10%.

Figure 7. Labeling accuracy and escalation rate trade-off among the benchmark methods in comparison. The grey shaded area represents
the area ”within human labeling budget” set at 50%.

A. Additional experiment results
In this section, we provide additional experiment results to show the case when human–AI escalation behavior under two
other fixed budget settings (10%, and 50% escalation rate) in Figure 6 and Figure 7. These two figures demonstrate the
gain in accuracy of our proposed method by spending additional human effort. In the second set of experiment results, we
consider a setting where there’s no distribution shift in the train and test datasets, which corresponds to “random split” in
Table 1. We summarize the results in Figure 8. Figure 8 shows an overall improvement in accuracy under no distributional
shift, which further validates the robustness of our proposed method when there is distributional shift (Figure 3 in the main
manuscript).

Additionally, we provide examples of the most common training versus testing set topics in Figure 9. We also provide
additional ablation study results in Figure 10. Figure 10 suggests that when the polling interval is increased from ∆ = 1
to ∆ ∈ {2, 4}, the router is invoked less often, which mechanically reduces router-side token consumption. Empirically,
router-side token usage decreases approximately in proportion to 1/∆, consistent with the fact that the number of router calls
per example is reduced by the same factor. At the same time, less frequent polling delays the earliest possible intervention
point, so the judge is allowed to continue generating for longer before escalation can occur. As a result, judge-side token
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Figure 8. Labeling accuracy and escalation rate trade-off among the benchmark methods in comparison when there is no distributional
shift between train and test datasets. The grey shaded area represents the area ”within human labeling budget” set at 30%.

Figure 9. Most common training versus testing set topics

usage rises with ∆ and progressively approaches the AI-only baseline. This pattern highlights the central tension in the
online design: more frequent monitoring increases router overhead, but also enables earlier stopping of judge generation
when the trace already contains sufficient evidence of likely error. These findings suggest that moderate polling can preserve
most of the efficiency gains of online routing while substantially reducing router-side overhead.
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Figure 10. Ablation study: Router polling-interval ablation for GPT model (A) – (C) and Qwen (D)–(F) under polling intervals
∆ ∈ {1, 2, 4}. (A) and (D): Final accuracy, error recall, and escalation precision. (B) and (E): Stacked judge/router token usage and
average stopping fraction. (C) and (F): runtime in minutes.
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