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Abstract

Evaluating multimodal generations is challeng-
ing: human evaluation is costly, and single-
model LLM-as-a-judge pipelines can be brittle
and provide limited uncertainty signals. We
introduce Concord, an ensemble-based evalua-
tion pipeline that aggregates discrete judgments
from multiple LLM judges and uses inter-judge
agreement as a practical uncertainty signal for
disagreement-driven triage. We evaluate Con-
cord on AVSSD and SCORE-AVS, a ground-
truth-supervised audio-visual benchmark with
discrete labels (True/False or 0-5). Concord
improves agreement with human judgments
over single-judge and naive aggregation base-
lines, and prioritizing low-agreement instances
focuses human review on the most ambigu-
ous cases. We use locally hosted open-source
judges and include the binary results for online
larger scale models GPT-4.0 mini turbo and
Gemini 3.1 Flash Lite.

1 Introduction

Large language models (LLMs) are increasingly
deployed in settings where outputs are free-form
or grounded in rich context, including multimodal
inputs such as audio and video. Yet evaluating
these systems remains a central bottleneck. Human
evaluation can be expensive, slow to scale, and
inconsistent across raters, while reference-based
automatic metrics can be unreliable when outputs
are free-form or require nuanced matching to a ref-
erence. As a result, practitioners increasingly turn
to LLM-as-a-judge evaluation to obtain scalable
assessments and structured feedback.

However, single-judge pipelines are not fully re-
liable: prior work (Chen et al., 2024; Zheng et al.,
2023; Li et al., 2024) has documented systematic
judge behaviors (e.g., sensitivity to output order
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and verbosity) and imperfect alignment with hu-
man judgments. A single model’s score provides
limited visibility into evaluator uncertainty, making
it difficult to identify ambiguous instances and allo-
cate additional supervision where it is most needed.

We present Concord, a multi-adjudication eval-
uation pipeline that treats each judge model as an
annotator and aggregates their discrete judgments
into a single evaluation output. For each evaluation
item, judges provide either (i) a binary correctness
label or (i1) an ordinal correctness score on a 0—
5 scale, depending on the task format. Concord
summarizes the panel’s responses and uses inter-
judge agreement as a practical uncertainty signal
to flag potentially ambiguous items for additional
review. This enables disagreement-driven triage:
low-agreement instances can be escalated to human
raters (or to a stronger judge), concentrating super-
vision on the cases most likely to be contentious.
In this view, disagreement becomes an actionable
indicator of reliability rather than noise to be ig-
nored.

We evaluate Concord on a ground-truth-
supervised multimodal benchmark (audio-visual in-
puts (Chen et al., 2020)), where the evaluation sig-
nal is discrete (True/False or 0-5), enabling a uni-
fied protocol for correctness-oriented assessment.
Our experiments measure: (i) correctness against
ground truth compared to single-judge baselines
and simple aggregation rules, (ii) agreement-with-
human metrics (e.g., MCC and Cohen’s x) and
ordinal-score alignment (MAE) where applicable,
and (iii) the practical utility of disagreement-driven
triage under a fixed human-review budget by pri-
oritizing low-agreement instances for review. Con-
cord is model-agnostic: it can be instantiated with
locally hosted open-source judges, and it can op-
tionally incorporate a stronger proprietary judge
within the same pipeline for escalation or compari-
son.

We have three main contributions. First, we pro-
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Figure 1: Concord overview. Given an example (X, Y, GT'), a panel of J LLM judges produces discrete judgments
that are aggregated into a final verdict (majority vote for binary labels or median for 05 scores), with Qwen used as
a deterministic tie-breaker. In parallel, Concord computes an agreement signal (vote margin or score dispersion)
to form a low-agreement triage set, which can be optionally escalated to a human reviewer or stronger judge for

arbitration.

pose Concord, a multi-adjudication LLM evalua-
tion pipeline that aggregates a local jury’s discrete
judgments into a single binary/ordinal evaluation
output. Next, we empirically evaluate Concord on
AVSSD (Chen et al., 2020) (human-judged sub-
set, n=174) and report correctness and SCORE-
AVS (human-judged subset, n=300), agreement-
with-human metrics, and ordinal-score alignment.
Finally, we examine a human-in-the-loop work-
flow in which low-agreement items are prioritized
for review under a fixed budget, illustrating how
disagreement can focus human effort on the most
ambiguous cases.

2 Related Works

LLM-as-a-Judge and Its Limitations. LLM-as-a-
judge has become a common approach for scalable
evaluation when outputs are free-form or when
exact-match metrics are inadequate. However, re-
cent works document systematic judge artifacts,
including sensitivity to answer ordering and ver-
bosity, as well as imperfect alignment with hu-
man judgments in some settings (Chen et al., 2024;
Zheng et al., 2023; Li et al., 2024). Tools like Eval-
uLLM study how practitioners design and opera-
tionalize LLM-based evaluation criteria in human-
in-the-loop workflows (Desmond et al., 2024).

Multi-Judge and Multi-Agent Evaluation. To
improve robustness beyond a single evaluator, re-

cent methods use multiple LLMs through panels
or structured interaction. ScaleEval uses multi-
round agent debate to meta-evaluate LLM evalu-
ators under diverse scenarios (Chern et al., 2024).
JudgeBench provide systematic testbeds for study-
ing the reliability of LLM-based judges across chal-
lenging domains such as reasoning and coding (Tan
et al., 2024). These directions motivate treating
judges as a population of annotators rather than
relying on a single model’s decision.

Uncertainty signals and selective evaluation. A
separate line of work studies when to frust a
cheaper judge versus escalate to stronger super-
vision, often emphasizing selective evaluation and
escalation policies (Jung et al., 2024). Other ap-
proaches align judge scoring criteria with human
labels via iterative refinement (Liu et al., 2024) or
mixed-initiative systems for building evaluation
functions with human feedback (Shankar et al.,
2024). In contrast, Concord focuses on ground-
truth-supervised settings with discrete evaluation
signals and uses inter-judge agreement as a prac-
tical uncertainty signal to drive triage, prioritizing
low-agreement instances for additional review.

3 Method: Concord

Concord is an ensemble-based evaluation pipeline
for correctness-oriented tasks with available
ground truth and discrete evaluation signals. There
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were two different implementations of Concord,
one using local offline models. For the first im-
plementation, we focus on settings where the eval-
uator output is either a binary correctness label
(True/False) or an ordinal score on a bounded scale
(e.g., 0-5), while the second implementation used
only the binary correctness label. Although inputs
may be multimodal and candidate answers may
be free-form text, the evaluation target is discrete
and grounded in a reference signal. Concord is
not designed for preference-based evaluation of
long-form reasoning or descriptive explanations;
instead, it provides (i) an aggregated verdict and (ii)
an agreement-based uncertainty signal for selective
review. Figure 1 illustrates how Concord aggre-
gates judge outputs and performs agreement-based
triage.

Setup and Judge Panel. For each example we
consider (X,Y,GT), where X denotes the task
input (potentially multimodal), Y is the candi-
date model output to be evaluated, and GT is the
ground-truth reference used for correctness judg-
ing. Concord queries a panel of J judge models
using a shared rubric and a standardized prompt
template. Each judge outputs a discrete judgment:
either a binary label y; € {0, 1} or an ordinal score
s; € {0,1,2,3,4,5}, depending on the bench-
mark.

Ensemble Aggregation with Tie-Breaking. Con-
cord aggregates the panel outputs into a single ver-
dict. Rather than relying on a simple majority vote,
Concord considers all judge outputs jointly to pro-
duce a final decision, while remaining grounded in
the sub-judge predictions. In cases of full agree-
ment, Concord follows the unanimous decision.
When the panel is maximally uncertain (i.e., tied),
we apply a deterministic tie-breaking rule that
gives priority to Qwen. For binary evaluation, let
1= 23'121 Ily; = 1] and ¢y = J — ¢1. The aggre-
gated verdict is

1 if ¢; > cp,
?J =<0 if ¢ > c1,
YQwen if ¢1 = co.

A~

For ordinal evaluation, we set 3§ =
median({s;} 3-]:1) and break non-unique me-
dians (e.g., even J) using sQwen. We choose Qwen
for tie-breaking as it has the strongest standalone
agreement with human labels among our local
judges (§4.2), and using it only on ties preserves
the ensemble while ensuring deterministic outputs.

Agreement as an uncertainty signal and selective
triage. Beyond the final verdict, Concord computes
an agreement signal across judges that serves as a
proxy for uncertainty. This signal is used to identify
borderline examples for selective evaluation (e.g.,
escalation to human review or an additional judge).
Triage is computed from the panel distribution, pro-
viding a model-agnostic view of uncertainty.

In the binary setting, we use majority voting and

flag examples for review when there is disagree-
ment among judges (e.g., a 2—1 split with J = 3).
In the ordinal setting, we similarly flag examples
with high variation in scores, indicating uncertainty
in the assigned rating.
Disagreement-based human triage. In addition
to agreement-based signals, we introduce a comple-
mentary rule to capture cases where the panel dis-
agrees with the final decision. Concord uses Qwen
as the final adjudicator informed by all judges, but
we flag examples where at least two judges disagree
with the final prediction.

This identifies low-confidence or ambiguous
cases where the final decision may be unreliable.
The union of these criteria forms the “disagree-
ment” subset used in our human-in-the-loop ex-
periments. In practice, this approach concentrates
human evaluation on contentious examples, reduc-
ing annotation cost while improving reliability.
Implementation and outputs. We run each judge
model independently and aggregate their outputs
offline: per-judge predictions are exported to CSV,
then combined to produce the final verdict (3
or §) and a triage list of flagged low-confidence
examples. We then compare against human la-
bels and report standard correctness and agree-
ment metrics. The codebase is available at https:
//github.com/BASHLab/concord.

4 Evaluation

4.1 Experimental Setup

Benchmark and Protocol. We evaluate Concord
on AVSSD and SCORE-AVS using a correctness-
oriented protocol with ground truth and discrete
supervision. Both datasets inputs may include
audio-visual context and candidate answers may
be free-form, each instance is evaluated as either
(i) a binary correctness label (True/False) or (ii)
an ordinal score on a 0-5 scale, depending on the
task variant. Concord is instantiated with a locally
hosted panel of open-source judges and outputs an
aggregated verdict for each example.
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Table 1: AVSSD results on the human-judged subset (n = 174), consisting of 100 standard examples and 74
disagreement-heavy examples where at least two judges disagree. Binary judging metrics are Accuracy (Acc),
Precision (Prec), and Recall (Rec). Agreement with human labels is measured by MCC and Cohen’s «. Ordinal
scoring reports MAE and mean score. Best values per column are bolded (MAE is minimized; Mean is closest to
the human mean). While the first 100 examples reflect typical performance where strong individual judges perform
well, the inclusion of disagreement-heavy cases highlights robustness: Concord maintains high performance across
the full dataset, demonstrating improved reliability in ambiguous settings where single judges degrade.

Method Binary Agreement Ordinal
Acc  Prec Rec MCC K MAE Mean
Concord 93.10 94.80 96.20 0.806 0.805 0.580 3.52
B1: Best single judge (Qwen) 82.80 97.20 79.70 0.635 0.602 0.621 3.25
Mistral 54.00 98.20 40.60 0.348 0.230 0937 294
Ollama 59.80 87.10 55.60 0.245 0.205 0.989 3.08

Table 2: Score_Avs results on the full combined dataset (n = 300), a subset of the first 100 samples, and 200
samples with 2 model disagreement, after dropping NaN values. This dataset includes all subsets (standard and
disagreement-heavy). Binary judging metrics are Accuracy (Acc), Precision (Prec), and Recall (Rec). Agreement
with human labels is measured by MCC and Cohen’s «. Ordinal scoring reports MAE and mean score. Best values
per column are bolded (MAE is minimized; Mean is closest to the human mean of 0.73).

Method Binary Agreement Ordinal
Acc  Prec Rec MCC K MAE Mean
Concord 74.30 82.60 82.20 0.351 0.351 1.487 0.727
B1: Best single judge (Qwen) 51.70 93.00 36.50 0.286 0.192 1.093 0.287
Mistral 46.30 96.80 27.40 0.273 0.155 0.950 0.207
Qwen 51.70 93.00 36.50 0.286 0.192 1.093 0.287
Ollama 63.00 76.70 70.80 0.121 0.120 1.430 0.673

Baselines and Metrics. We compare Concord
against a single baseline: B1, a single local judge
instantiated as a 7B Qwen model. Due to lack of
access to proprietary models, we do not include a
proprietary judge baseline. We report correctness
metrics (accuracy, precision, recall, F1), agreement
with human labels (MCC and Cohen’s ), and or-
dinal alignment (MAE).

Selective Triage. Concord uses inter-judge agree-
ment as an uncertainty signal to prioritize ambigu-
ous cases for review. We flag examples with low
consensus using the panel’s response distribution
(e.g., small vote margin for binary labels or high
score dispersion for 0-5 ratings), forming a low-
agreement subset for the human-in-the-loop analy-
sis.

Implementation. To support reproducibility and
allow fully local evaluation, we host the entire Con-
cord jury on local GPU infrastructure. Experiments
were run on the Turing HPC cluster and the Raven
GPU cluster using NVIDIA A100 and H100 nodes.

4.2 Results

Correctness as a judge (binary). We first evalu-
ate Concord as a correctness judge on the AVSSD
human-labeled subset (n = 174), measuring
whether each response is classified as correct or
incorrect relative to ground truth. Table 1 reports
standard correctness metrics for Concord and in-
dividual judges. Overall, Concord achieves the
strongest performance across accuracy (93.10), re-
call (96.20), and agreement metrics, while main-
taining high precision comparable to strong indi-
vidual judges. This supports the motivation that
aggregation mitigates idiosyncratic judge errors
without relying on a single evaluator. Per-judge
dashboards are provided in Appendix A.

Performance on random subset. We randomly
chose 100 samples and have annotators manually
label them. Concord matches the strongest in-
dividual judge (Qwen) across all binary metrics,
achieving identical performance (Accuracy 0.940,
MCC 0.875, k 0.872). This indicates that in rela-
tively unambiguous settings, Concord preserves the
strengths of the best individual judge without degra-
dation. Notably, weaker judges such as Ollama and
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Table 3: AVSSD (Disagreement Subset) results on disagreement-heavy examples (n = 74), where at least two
judges disagree. Binary judging metrics are Accuracy (Acc), Precision (Prec), and Recall (Rec). Agreement with
human labels is measured by MCC and Cohen’s «. Ordinal scoring reports MAE and mean score. Best values per
column are bolded (MAE is minimized; Mean is closest to the human mean of 0.919).

Method Binary Agreement Ordinal
Acc  Prec Rec MCC K MAE Mean
Concord 91.90 91.90 100.00 0.000 0.000 0.689 1.000
B1: Best single judge (Qwen) 67.60 95.80 67.60 0.196 0.136 0.824 0.649
Mistral 8.10  0.00 0.00  0.000 0.000 1.365 0.000
Qwen 67.60 95.80 67.60 0.196 0.136 0.824 0.649
Ollama 29.70 9440 2500 0.053 0.017 1351 0.243

Table 4: Score_Avs (Disagreement Subsets) results on disagreement-heavy examples (n = 200), constructed from
two subsets where at least two judges disagree. Binary judging metrics are Accuracy (Acc), Precision (Prec), and
Recall (Rec). Agreement with human labels is measured by MCC and Cohen’s x. Ordinal scoring reports MAE and
mean score. Best values per column are bolded (MAE is minimized; Mean is closest to the human mean of 0.79).

Method Binary Agreement Ordinal
Acc  Prec Rec MCC K MAE Mean
Concord 67.00 78.00 81.00 -0.050 -0.050 1.800 0.820
B1: Best single judge (Qwen) 39.00 87.50 26.60 0.117 0.063 0.900 0.240
Mistral 29.00 90.00 11.40 0.090 0.030 0.880 0.100
Qwen 39.00 87.50 26.60 0.117 0.063 0.900 0.240
Ollama 51.00 72.10 62.00 -0.248 -0.239 1.480 0.680

Mistral exhibit lower agreement and higher error
rates, highlighting the benefit of combining multi-
ple evaluators.

Performance on disagreement subset. We next
evaluate performance on a subset of examples char-
acterized by higher disagreement (74 samples).
These samples were selected based on intra-model
agreement. With 2 or more models in disagreement
with the final adjudicator, each row is appended
for human evaluation. In this setting as table 3
shows, Concord significantly outperforms all indi-
vidual judges, achieving 0.919 accuracy compared
to 0.676 for Qwen and substantially lower scores
for other models. Concord also achieves perfect
recall (1.000), indicating that it successfully cap-
tures all positive cases even under high ambiguity.
In contrast, individual judges exhibit degraded per-
formance, including near-random or highly biased
predictions (e.g., Mistral predicting all negatives).
These results demonstrate that Concord is partic-
ularly robust in challenging, disagreement-heavy
scenarios where single judges are unreliable.

On the two-model disagreement subset of the
Score vs shown in Table 4, we can see that Con-
cord still outperforms all other individual models.
It has the best scores in accuracy (67.00), recall
(81.00) and mean (0.820). Although Mistral and

Qwen outperform Concord in metrics such as pre-
cision, MCC, Cohen’s kappa, and MAE, Concord
demonstrates overall consistent performance.

Agreement with human annotations. Beyond
correctness, we measure statistical reliability using
MCC and Cohen’s « (Table 1). On the full dataset,
Concord achieves the highest agreement with hu-
man labels (MCC 0.806, x 0.805), substantially ex-
ceeding weaker judges whose outputs are less cor-
related with human annotation. While agreement
metrics degrade on the disagreement subset due
to class imbalance, Concord maintains strong cor-
rectness performance, indicating robustness even
when standard agreement measures become less
informative.

Ordinal scoring (0-5). We additionally evaluate
ordinal correctness scores on a 0-5 scale. As shown
in Table 1, Concord achieves low MAE (0.580) rela-
tive to human scores and closely matches the mean
of the human rating distribution (3.52 vs. 3.45),
suggesting that aggregation counteracts systematic
over- or under-scoring by individual judges.

Generalization to score_avs (n=300). To fur-
ther evaluate robustness, we introduce a separate
dataset, score_avs, constructed from a larger pool
of approximately 3,000 examples. From this pool,
we include (i) the first 100 standard examples and
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Table 5: Human-in-the-loop triage on disagreement-heavy subsets. We evaluate selective review on AVSSD
(n = 74) and Score_Avs (n = 100) disagreement subsets. ECR (Error Correction Rate) measures the number of
model errors identified per 100 human reviews. Concord prioritizes disagreement cases, while Random samples
uniformly. Random baseline values are estimated from overall dataset error rates rather than computed from

explicit sampled subsets.

Dataset Strategy Budget B #errors found ECRT
AVSSD (disagreement) Concord triage 74 6 8.1
AVSSD (disagreement) Random (est.) 74 ~5 6.9
Score_Avs (disagreement)  Concord triage 100 33 33.0
Score_Avs (disagreement)  Random (est.) 100 ~26 26.0

(ii) 200 additional examples specifically selected
where at least two models disagree, yielding a to-
tal of n = 300. This dataset therefore contains a
substantially higher proportion of ambiguous and
disagreement-heavy cases.

As shown in Table 2, Concord continues to out-
perform all individual judges on this more challeng-
ing dataset, achieving the highest accuracy (0.743),
recall (0.822), and agreement metrics (MCC/k =
0.351), while maintaining close alignment with the
human label distribution (mean 0.727 vs. 0.730).
In contrast, individual judges degrade substantially:
Mistral and Qwen exhibit low recall (0.274 and
0.365), while Ollama, despite higher recall, shows
weaker agreement (MCC 0.121). These results con-
firm that Concord remains effective even when the
evaluation distribution is explicitly biased toward
difficult, disagreement-heavy examples.

Why not just use Qwen as the judge? Qwen is
the strongest single local judge on standard exam-
ples, but its performance degrades substantially on
disagreement-heavy subsets (e.g., accuracy drops
from 0.940 to 0.676). In contrast, Concord main-
tains high performance (0.919 accuracy) under the
same conditions and continues to outperform on
the score_avs dataset (0.743 vs. 0.517 accuracy).
Thus, Concord is preferable when robustness and
generalization are required, particularly in ambigu-
ous or high-variance settings.

Human-in-the-Loop triage. Finally, we test
whether agreement-based triage can focus limited
human effort on the most ambiguous cases. We use
a fixed review budget of B = 100 and compare
Concord triage, which selects high-disagreement
examples. We measure efficiency using the Error
Correction Rate (ECR), defined as the number of
model errors corrected per 100 human reviews. Ta-
ble 5 demonstrates that with a randomly selected
sample size, on AVSSD only about 5 errors were
calculated for, while using the Concord triage with

intra-model disagreement, 6 were accounted for
resulting in more instances caught for humans to
evaluate. Similarly, a randomly sampled subset
from Score_AVS accounted for 26 errors while the
Concord triage accounted for 33.

When applied to large-scale datasets (/N >3,000),

this reduces the review space by approximately
98% (reviewing 100 items instead of the full set).
Agreement- and disagreement-based triage concen-
trates review near the decision boundary, prioritiz-
ing cases where judges disagree most.
Online models in judge panel. We also evalu-
ate Concord with stronger online models by sub-
stituting Mistral and Ollama with GPT-4.0-mini-
Turbo and Gemini-3.5-Flash-Lite. In this setting,
the judges agree on the majority of examples, with
only 184 disagreements out of 3,000 total sam-
ples. This indicates that higher-quality models lead
to more consistent judgments, correctly resolving
most cases without additional aggregation.

However, these remaining disagreement cases
are precisely where Concord provides value.
Rather than relying on a single model, Concord
identifies and focuses on these ambiguous in-
stances, where model predictions diverge. In this
subset, Concord continues to provide meaningful
improvements by resolving a substantial portion of
disagreements while also triggering human-in-the-
loop triage for the most uncertain cases.

These results suggest that as individual models
improve, the role of Concord shifts from general
evaluation toward targeted adjudication. Even with
strong base models, disagreement persists in a non-
trivial number of cases, and Concord provides a
principled mechanism to resolve or escalate these
instances, improving overall reliability.

5 Conclusion, and Future Work

Concord is an ensemble-based, multi-adjudication
evaluation pipeline for correctness-oriented tasks
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with discrete ground truth signals. By using inter-
judge agreement as a practical uncertainty signal,
Concord supports disagreement-driven triage: low-
consensus cases can be escalated for human re-
view, concentrating supervision where automated
judging is least reliable. Our results show that
a locally hosted panel of open-source judges can
achieve strong agreement with human labels (e.g.,
MCC 0.806, x 0.805) while outperforming indi-
vidual judges in overall reliability and calibration.
In particular, Concord improves recall and ordi-
nal alignment while maintaining high precision,
demonstrating that aggregation mitigates individ-
ual judge biases. This enables meaningful reduc-
tions in manual review under a fixed budget by
prioritizing ambiguous cases.

Future work includes exploring weighted aggre-
gation and judge-specific reliability modeling, im-
proving efficiency when incorporating richer judge
rationales. In future, we plan to evaluate the per-
formance of utilizing a wide variety online judges
including GPT-5.

6 Limitations

Our work is subject to several practical limitations.
First, the majority of experiments rely on locally
hosted, open-source models available through free
Hugging Face transformers. While this enables
reproducibility and low-cost experimentation, it
restricts the strength and diversity of judges com-
pared to larger proprietary models.

Second, experiments with online models (e.g.,
GPT-4.0-mini-Turbo and Gemini-3.5-Flash-Lite)
were constrained by both cost and runtime. API
usage introduces latency and financial overhead,
limiting the scale of evaluation and the number of
configurations that can be explored. In practice,
this makes large-scale ensemble evaluation with
online models less feasible without significant re-
sources.

Third, the dataset size is relatively limited. Al-
though we construct targeted disagreement subsets
to stress-test robustness, the total labeled data re-
mains small compared to real-world deployment
settings. Additionally, generating judge outputs
across multiple models is computationally expen-
sive, further constraining dataset expansion.

Finally, experiments were conducted on lim-
ited GPU resources, which restricted batch sizes,
model selection, and overall throughput. Running
multiple judges in parallel is inherently resource-

intensive, and scaling Concord to larger datasets
or stronger models would require more substantial
compute infrastructure.

These limitations highlight trade-offs between
cost, scalability, and model quality, and motivate
future work on more efficient aggregation strategies
and scalable evaluation pipelines.

7 Ethics Statement

Concord improves evaluation reliability through
aggregation, but it inherits biases present in its un-
derlying models. While combining multiple judges
reduces variance, systematic errors shared across
models may persist, particularly in ambiguous or
subjective cases.

Automated evaluation should not replace hu-
man judgment in high-stakes settings. Concord
is designed to support human oversight, with
disagreement-based triage explicitly identifying un-
certain cases for review.

Finally, the framework relies on limited labeled
data and computationally intensive models, which
may introduce bias, cost, and accessibility con-
cerns. Concord should therefore be deployed with
appropriate safeguards and human-in-the-loop vali-
dation.
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A Per-Judge Dashboards and Diagnostics
on AVSSD

A.1 Dashboards on the human-labeled subset
(N =174)

To complement aggregate metrics, we provide com-
pact, model-specific dashboards summarizing eval-
uator behavior on the AVSSD human-labeled sub-
set (N = 174), which includes 100 standard exam-
ples and 74 disagreement-heavy examples.

Each dashboard reports: (i) binary correctness
metrics (accuracy, precision, recall, F1), (ii) a con-
fusion matrix, and (iii) ordinal semantic scoring on
a 0-5 scale (model mean, human mean, and MAE).
Figures 2-5 visualize these summaries for Concord
and individual judges.

A.2 Subset analysis (standard vs.
disagreement)

We analyze performance separately on the standard
subset (first 100 examples) and the disagreement-
heavy subset (74 examples where at least two
judges disagree). On the standard subset, Concord
matches the strongest individual judge (Qwen),
achieving identical performance across binary met-
rics (Accuracy 0.940, MCC 0.875).

On the disagreement subset, individual judges
degrade substantially, while Concord remains sta-
ble. For example, Qwen’s accuracy drops to 0.676,
whereas Concord maintains 0.919 accuracy with
perfect recall (1.000). Other judges exhibit more
extreme behavior, such as Mistral predicting pre-
dominantly a single class. The disagreement subset
was obtained by adding the three predicted binary
values and checking if it was not equal to three or
Zero.

A.3 Summary of judge behavior

The dashboards highlight complementary behav-
iors across judges. Qwen performs strongly on
standard examples, Mistral tends to be conserva-
tive, and Ollama exhibits higher variability. By
aggregating these signals, Concord reduces individ-
ual biases and maintains consistent performance
across both standard and disagreement-heavy sub-
sets.
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Figure 4: Qwen dashboard on AVSSD (N = 174).
Strong performance on standard examples with reduced
reliability under disagreement.

Figure 2: Concord dashboard on AVSSD (N = 174).
Summary of binary correctness, confusion matrix, and
ordinal scoring, showing strong alignment with human la-
bels across both standard and disagreement-heavy cases.

Ollama — human agreement analysis n =174 rows
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Figure 3: Mistral dashboard on AVSSD (N =
174). Metrics and confusion matrix illustrating con-
servative predictions and reduced recall, especially on
disagreement-heavy examples.

Figure 5: Ollama dashboard on AVSSD (NN = 174).
Higher recall but increased variability and false positives
on disagreement-heavy cases.
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