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Abstract

Customizing an LLM judge to a specific prob-
lem or domain often involves optimizing its
prompt across multiple evaluation criteria si-
multaneously. Textual gradient methods au-
tomate this for a single judge criterion, how-
ever they produce natural-language critiques,
not numerical vectors. Thus, the conflict-
resolution toolkit of multi-task learning (PC-
Grad, MGDA) does not apply to this multi-
objective textual gradient setting. We extend
TextGrad to the multi-objective setting and
test four decomposition modes of textual gra-
dient optimizers by varying how much cross-
objective information the loss, gradient and op-
timizer LLMs share. We find the gradient’s
task-focus drops by 59% (9.0 to 3.7 out of 10)
when the gradient LLM must provide feedback
on multiple criteria jointly. Separately, we ob-
serve that naively combining single-objective
optimized instructions into a single prompt
degrades Spearman p from 0.305 to 0.220
(—0.085). These results identify two separa-
ble failure modes: optimization-time gradient
dilution and inference-time instruction inter-
ference, which together constrain the design
space for multi-objective judge optimization
using textual feedback.'

1 Introduction

Modern judges, whether human or LLMs, are used
to evaluate text along multiple quality dimensions
at once. SUMMEVAL (Fabbri et al., 2021) scores
summaries on four dimensions simultaneously;
MT-Bench (Zheng et al., 2023) spans eight cat-
egories from coding to roleplay. Kim et al. (2024)
developed Prometheus 2 specifically because exist-
ing evaluators “do not possess the ability to evalu-
ate based on custom evaluation criteria”. Prompt
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optimization methods like TextGrad (Yiiksekgoniil
etal., 2025), OPRO (Yang et al., 2024), and GEPA
(Agrawal et al., 2026) can improve prompts for
LLM judges automatically, but they optimize a
single objective. Whether they extend to multi-
objective judges, where one prompt must score
several evaluation dimensions at once, remains less
studied.

The core challenge is structural. When multi-
task deep learning models encounter conflicting
task gradients, methods like PCGrad (Yu et al.,
2020) and MGDA (Sener and Koltun, 2018) resolve
conflicts via projection or constrained optimiza-
tion. The conflict-resolution tools of numerical
multi-task learning do not apply directly, because
textual gradients lack the vector-space structure
these methods require. As textual gradients are
natural-language strings, they do not have equiv-
alent concepts of magnitude, inner products, or
linear subspaces. The instruction “Make the coher-
ence rubric more specific” cannot be numerically
projected against “simplify the fluency criteria”.

Prior work addresses related problems but not
this intersection. For example, intra-task feedback
quality has been studied: recently Chu et al. (2026)
identify rule dilution, when heterogeneous error
modes are aggregated within a single optimiza-
tion step, and Melcer et al. (2025) show that the
gradient analogy does not accurately explain why
Automatic Prompt Optimization (APO) methods
succeed. Multi-objective prompt optimization also
exists: Jafari et al. (2024) find that MGDA un-
derperforms volume-based alternatives for discrete
prompt tokens. Multi-task judge training is studied
extensively (Whitehouse et al., 2026; Yang et al.,
2026; Wang et al., 2025), but these methods up-
date weights, not prompts. To our knowledge, no
prior work studies multi-objective judge prompt
optimization using textual gradients.

We propose and test four plausible decompo-
sition modes of textual gradient optimization for
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Figure 1: Overview of the optimization pipeline. Each step consists of four stages: (1) the task model predicts
scores, (2) the loss LLM critiques predictions against ground truth, (3) the gradient LLM converts critiques into
instruction edits, and (4) the optimizer LLM rewrites the prompt. The decomposition mode determines whether
each stage operates per-task (Separate) or over all tasks jointly (Combined). Only the per-task instruction text is
updated; the prompt skeleton and output format remain frozen throughout optimization.

multi-objective judges: SSS, SSC, SCC, CCC,
where the naming encodes whether each pipeline
stage (loss, gradient, optimizer) processes tasks
separately (S) or combined (C). We also introduce
two process-level diagnostics: gradient specificity
(how targeted each gradient is to a single task) and
feedback adherence (whether the optimizer follows
the gradient). We evaluate on SUMMEVAL (Fabbri
et al., 2021) with four criteria, using two validation
gate settings (MAE gating and no gating).

Our results reveal a consistent structure in how
and why multi-criteria prompt optimization stag-
nates. In 6 of 10 configurations with Qwen3 judges,
optimization never exceeds the initial generic
prompt (§5, Table 1); only SINGLE-TASK with
val=mae improves (4+0.031 Spearman at step 2).
Our diagnostics localize this effect: gradient speci-
ficity drops by 59% (9.0 to 3.7) when the gradi-
ent LLM processes all tasks jointly §6.1, Table 4).
Feedback adherence remains high (7.8 to 8.8), indi-
cating that the optimizer incorporates the gradient’s
suggestions regardless of their specificity. A sep-
arate oracle experiment shows that even indepen-
dently optimal per-task instructions degrade from
0.305 t0 0.220 (—0.085 Spearman) when combined
into one prompt (§6.3, Table 3). These results iden-
tify two separable failure modes: optimization-time
gradient dilution and inference-time instruction in-
terference.

Our contributions are as follows: (1) we present
an empirical study of multi-criteria textual gradi-

ent optimization for LLM judges across four de-
composition modes (§4, §5, Table 1); (2) we pro-
pose two process-level diagnostics (gradient speci-
ficity and feedback adherence) that localize issues
in optimization to gradient quality, not optimizer
compliance (§6.1, Figure 3, Table 2). (3) we con-
duct an oracle-instruction experiment which iso-
lates inference-time instruction interference as a
failure mode distinct from optimization-time dilu-
tion (§6.3, Table 3).

2 Related Work

Textual Gradient Methods. Early methods
in Prompt optimization used scalar signals:
OPRO (Yang et al., 2024) rewrites prompts by
conditioning on (prompt, score) histories, and
APE (Zhou et al., 2023) generates candidates from
demonstrations and selects the highest-scoring vari-
ant. PROTEGTI (Pryzant et al., 2023) replaced scalar
signals with textual gradients: natural-language cri-
tiques that guide prompt rewrites. TextGrad (Yiik-
sekgoniil et al.,, 2025) extended this to multi-
component computation graphs, propagating cri-
tiques through LLM pipelines in analogy to back-
propagation.

Subsequent work has questioned the gradient
analogy. GPO (Tang et al., 2025) decomposed tex-
tual optimization into two factors (update direction
and update method), drawing analogies to gradi-
ent, momentum, and learning rate, but found that
adding a reflection step hurts performance. Melcer
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et al. (2025) showed empirically that the gradient
decomposition (the chain-rule structure central to
the analogy) does not consistently improve prompt
optimization, and that the gradient metaphor does
not accurately explain why APO methods succeed.
GEPA (Agrawal et al., 2026) evolves language pro-
grams via reflective mutation with Pareto selection.
To our knowledge, all methods above optimize a
single objective and none provide a mechanism to
observe or control how per-task feedback interacts
during optimization.

Multi-Objective Prompt Optimization. Multi-
objective prompt optimization is a nascent area
with two distinct approaches. Population-based
methods maintain a Pareto front of candidate
prompts: MOPO (Menchaca Resendiz and
Klinger, 2025) applies NSGA-II (Deb et al., 2002)
with LLM-based mutation to affective text gen-
eration, and ParetoPrompt (Zhao et al., 2025)
decomposes objectives into scalarized subprob-
lems. MORL-Prompt (Jafari et al., 2024) adapts
multi-objective reinforcement learning to discrete
prompt tokens but found that MGDA (Sener and
Koltun, 2018) underperforms the simpler product-
of-rewards at balancing competing objectives. Evo-
lutionary approaches include EVOPROMPT (Guo
et al., 2024) for single-objective and Baumann and
Kramer (2024) for multi-objective sentiment bal-
ancing. These methods operate at the candidate-
selection level: they choose which prompts to keep
from a population. To our knowledge, none of
the above studies how per-task feedback interacts
within a single textual gradient trajectory, which is
the setting we investigate.

LLM-as-a-Judge Evaluation. MT-Bench and
Chatbot Arena (Zheng et al., 2023) established the
paradigm of LLM-based evaluation where human
annotation is expensive. Subsequent works use a
fixed prompt to improve judge quality through tun-
ing weights on rubric-grounded data (Kim et al.,
2024), reinforcement learning (Whitehouse et al.,
2026), debiasing (Yang et al., 2026), and prefer-
ence optimization (Wang et al., 2025). A parallel
line of work optimizes the evaluation prompt itself.
CARO (Chu et al., 2026) identifies rule dilution
when heterogeneous error modes are aggregated
into a single optimization step. RRD (Shen et al.,
2026) recursively decomposes rubrics to improve
coverage and remove redundancy. MPO (Sharma
and Henley, 2026) applies section-local textual gra-
dients to individual prompt components (role, con-

text, constraints) independently. MAPGD (Han
et al., 2025) coordinates multiple gradient agents,
using semantic similarity to resolve conflicting ed-
its. All these operate on a single evaluation objec-
tive, or decompose along axes other than evaluation
criteria. None jointly optimizes a judge prompt
across multiple criteria while preserving per-task
gradient observability (i.e., the ability to trace how
each criterion’s feedback shaped each rewrite), the
setting we study.

3 Method: Multi-objective TextGrad

TextGrad pipeline. We implement a 4-stage op-
timization loop based on TextGrad (Yiiksekgoniil
et al., 2025). At each step, a task LLM predicts
objective-scores for a minibatch of examples us-
ing the current prompt. A loss LLM critiques the
predictions by comparing them to ground-truth an-
notations and produces a natural-language “loss”
for each example (called a reflection by some
authors). A gradient LLM aggregates the per-
example losses into a “textual gradient”: a struc-
tured set of instruction-level edit suggestions. We
restrict gradients to 3 paragraphs. An optimizer
LLM rewrites the prompt based on the gradient.
Only the per-objective instructions are modified;
the prompt skeleton (role preamble, output format,
few-shot examples) is frozen throughout (see Ap-
pendix E for the full initial prompt and an example
of optimized instructions). This design isolates the
effect of objective-level instruction modifications
from possible confounds introduced by structural
prompt changes.

Decomposition modes. We extend TextGrad to
the multi-objective setting stagewise. As shown
in Figure 1, we parameterize the multi-objective
interaction via a 3-letter decomposition code. Each
letter denotes whether a stage operates in Separate
(per-task) or Combined (all-tasks-joint) mode, ap-
plied to the loss, gradient, and optimizer stages
respectively.

Four modes span the design space. SSS oper-
ates all three stages independently per task. SSC
computes loss and gradient per task, but the op-
timizer receives all four gradients simultaneously
and rewrites the prompt in a single call. SCC com-
putes only the loss per task; the gradient LLM re-
ceives critiques from all four tasks and produces a
unified set of edits. CCC operates all stages jointly.
We also include a Single-Task baseline in which
each objective is optimized in a completely inde-
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MAE validation

No validation

Mode Initial Best (step) A HVI Initial Best (step) A HVI
SINGLE-TASK 0274  0.305(2) +0.031 — 0269 0284(5) +0.015 —

SSS 0.284 0.284 (0) +0.000 2.749 0.283 0.283 (0) +0.000 2.867
SSC 0.289 0.289 (0)  +0.000 2.832 0.283 0.291 (2)  +0.007 2.845
SCC 0.282 0.282 (0) +0.000 2.801 0.282 0.282 (0) +0.000 2.779
Cccc 0.285 0.296 (9)  +0.012 2900 0.287 0.287 (0)  +0.000 2.983

Table 1: Main results on SUMMEVAL using Qwen3. We measure the task-averaged Spearman correlation (mean
over N =3 runs). A is the improvement from the initial prompt to the best step. HVI is the hypervolume indicator
at step 12 (higher = more Pareto-diverse prompts). We evaluate four decomposition modes (SSS through CCC) plus
a single-task optimization baseline (SINGLE-TASK), covering the full spectrum from separate to joint optimization.
In 6 of 10 configurations, the initial generic prompt (“Rate from I to 57) is never exceeded.

pendent run, and evaluated through its own forward
pass; i.e., the reported Spearman is the average of
four per-criterion evaluations, each using a prompt
specialized to a single objective.

The key architectural boundary lies between
SSC and SCC. In SSC, the gradient LLM sees one
task at a time. In SCC, it must reconcile feedback
from all four tasks into a coherent edit plan.

Validation Gating. We evaluate two validation
strategies. Under val=mae, a candidate prompt
is accepted only if its mean absolute error on a
held-out validation set does not exceed that of the
current prompt. This acts as a monotonic filter that
prevents prompt-regression. Under no validation
gate, every candidate is accepted unconditionally;
we can observe the optimization trajectory without
gating. For each configuration, we run 3 indepen-
dent trials with different random seeds, each for 12
optimization steps. We report the mean and stan-
dard deviation of task-averaged Spearman p across
the 3 runs.

4 Experimental Setup

Datasets. We evaluate on SUMMEVAL (Fabbri
et al.,, 2021), a summarization meta-evaluation
benchmark. The original dataset contains source
news articles, each paired with summaries from
16 different summarization systems, with expert
annotations from multiple annotators per pair. We
randomly subsample this into 160 pairs for training
(used as optimization batches) and 480 pairs for
held-out evaluation. Each pair is scored on four
dimensions (fluency, relevance, coherence, consis-
tency) on a 1-5 scale.

These four dimensions are the tasks in our multi-
task optimization setting: the judge prompt must
produce accurate scores across all four simulta-
neously. We report Spearman rank correlation (p)

between predicted and human scores as the primary
metric, following prior work on LLM-based eval-
uation (Liu et al., 2023). Unless stated otherwise,
all reported results are task-averaged Spearman,
the arithmetic mean of per-task p values across the
four dimensions.

Models. Our main results are evaluated on the
Qwen3 family (Yang et al., 2025) using Qwen3-
8B as the task LLM and Qwen3-235B-A22B as
others. We use a higher optimizer temperature
(T'" = 0.7) to encourage diverse rewrites, and a
lower loss and gradient temperatures (I' = 0.3)
promote consistent critiques. For the task LLM
we set 7' = 1.0 to allow resampling in case of
JSON formatting errors. In Appendix D, we show
results on DeepSeek v4 Flash and Pro (DeepSeek-
Al, 2026).

5 Results

Table 1 reports task-averaged Spearman p for each
decomposition mode and validation configuration,
averaged over N = 3 runs. In 6 of 10 configura-
tions, the best prompt is the initial generic prompt
(“Rate from 1 to 57): optimization either fails to
improve or actively degrades performance. The
only multi-task mode that improves is CCC with
MAE validation and SSC without validation, which
achieve modest gain over 12 steps. Only the single-
task baseline with MAE validation achieves mean-
ingful improvement: +0.031 Spearman at step 2
(Table 1, bold). This confirms that the TextGrad
pipeline can improve individual-task prompts when
gradient signal is not contaminated by cross-task
information.

We plot optimization trajectories in Figure 2,
revealing the dynamics behind these aggregates.
Without a validation gate (val=none, bottom row),
SSC drops from 0.283 to 0.184 by step 7; SCC
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Figure 2: Per-task Spearman p for each optimization steps on SUMMEVAL with Qwen3. We average over N =3
runs (shaded bands show min to max). Each column shows one of the five decomposition modes. On the top
row we apply validation-MAE to gate prompts at each step, while bottom row has no gating. Gray line indicates
task-averaged p; stars mark best step. Black diamonds (right axis) denote the hypervolume indicator for the
prompt-candidates accumulated over steps. Without validation gating, multi-task modes degrade, and with it, they

plateau.

shows comparable degradation. The optimizer pro-
poses changes that improve the training-batch loss
but harm held-out generalization. MAE validation
partially mitigates this by rejecting spurious up-
dates. With the validation gate active (top row),
trajectories flatten rather than decline: the gate pre-
vents catastrophic degradation but cannot compen-
sate for uninformative gradients.

Performance degrades roughly as Single-Task >
SSS, SSC, SCC, CCC without validation gating.
This is consistent with the hypothesis that increas-
ing cross-task coupling amplifies gradient dilution.
The pattern is non-monotonic under MAE valida-
tion, however: CCC slightly outperforms SSC. Full
coupling may occasionally produce complemen-
tary gradients that survive the validation gate. The
process-level diagnostics in §6 disentangle these
effects.

Despite stagnation in Spearman, the hypervol-
ume indicator (HVI) shows an increasing trend.
For CCC, HVI grows continuously; the optimizer
discovers diverse specialist prompts that expand
the Pareto front, even when no single prompt dom-
inates the initialization on all four tasks. Men-
chaca Resendiz and Klinger (2025) report a similar
pattern: multi-objective prompt optimization ex-
pands the Pareto front at modest per-objective cost.
In our setting, however, the per-task degradation is
substantially larger when coupling is high.

We rerun with DeepSeek v4 under MAE vali-
dation in Appendix D, where we observe better
absolute improvements in Spearman through opti-
mization due to stronger models, but a similar trend:
the improvement through prompt optimization is
most effective for single-objective optimizations.

6 Analysis

The results in §5 establish that multi-objective tex-
tual gradient prompt optimization lags compared to
single-task; this section investigates why. We iden-
tify two separable failure modes: optimization-time
gradient dilution (§6.1) and inference-time instruc-
tion interference (§6.3). We report the evaluation
prompts in Appendix F for reproducibility.

10
] 9.0

o T-- [P N —— R
S ]
o 87
2]
I"(E) 61 59% drop
0 4
g ]
2 |
S S0 ) i S I R
S ] 37
b 4
5 2]

0 i T T T T T

Single SSS SSC SCC CCC

Decomposition Mode

Figure 3: Gradient specificity (1 to 10 scale, higher is
more task-focused) by decomposition mode.

6.1 Gradient Specificity and Dilution

To measure gradient quality directly, we evaluate
each textual gradient for task-focus: the degree
to which its improvement suggestions target a sin-
gle evaluation criterion rather than offering generic
advice. An LLM evaluator (Claude Sonnet 4.6,
Anthropic (2026)) rates each gradienton a 1 to 10
scale. A score of 10 means the gradient addresses
exactly one task’s rubric; a score of 1 means it’s so
generic it could apply to any task (see Appendix F
for the evaluation prompt). This diagnostic tests
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Mode MAE validation No validation Method FL Rel. Coh. Con. Avgp
Single-Task 8.70 + 0.47 8.53 + 0.60 Initial 0.366 0.208 0308 0.256 0.284
SSS 8.84 + 0.44 8.72 + 0.54 Single-Task  0.350 0.168 0.338 0.363 0.305
SsC 7.94 + 0.80 7.83 £0.78 Cherry-pick  0.303 0.257 0.215 0.105 0.220
Scc 8.08 + 1.03 7.76 + 1.49
CCC 7.90 + 1.62 8.01 +1.28

Table 2: Feedback adherence scores (1 to 10 scale,
mean =+ std over all objectives, runs, and steps). All
modes achieve high adherence, ruling out optimizer
non-compliance as an explanation for multi-task opti-
mization failure.

the cross-objective analogue of Chu et al.’s rule-
dilution hypothesis. Concretely, we ask: does com-
bining multiple evaluation criteria in a single gradi-
ent call dilute the criteria-specific signal?

We evaluate all gradients from steps 1 to 12
across all four modes. A sharp transition is present
(Figure 3). Per-task modes (Single, SSS, SSC),
where each gradient LLM call processes exactly
one task, achieve a mean specificity of 9.0 (£0.3;
Table 4, top rows). Cross-task modes (SCC, CCC),
where the gradient LLM processes all four tasks
in a single call, drop to 3.7 (40.5; Table 4, bottom
rows), a 59% reduction with zero overlap between
the two groups.

Our gradient dilution results extend Chu et al.’s
within-criterion finding to the cross-criterion set-
ting. Chu et al. (2026) show that aggregating het-
erogeneous error modes in a single optimization
step degrades rubric accuracy; we observe an anal-
ogous effect when multiple task gradients are com-
bined in a single gradient call, degrading the per-
task optimization signal. A per-task breakdown
(Table 4) reveals that consistency is most diluted,
while coherence retains moderate focus. This possi-
bly occurs because coherence rubrics share surface-
level vocabulary with the generic “writing quality”
feedback the gradient LLM defaults to under multi-
task load.

To confirm this cliff is structural when mov-
ing from per-task to cross-task gradients, in Ap-
pendix C we switch only the gradient LLM to
a stronger LLM (DeepSeek-V4-Pro) while con-
tinuing to use Qwen3 for the other steps. We
observe the same SSC to SCC specificity drop.
Appendix D.2 replicates the overall gradient-
specificity analysis using DeepSeek for all modes,
showing the same per-task vs. cross-task gradient
dilution pattern.

Table 3: Oracle cherry-pick experiment (MAE valida-
tion). For each task, the single-task instruction with the
highest test-set metric is selected and combined into one
multi-task prompt. Despite oracle selection, combined
instructions degrade below the individually optimized
single-task performance, demonstrating inference-time
instruction interference. We report both task-level and
average p for the multi-task prompt.

6.2 Feedback Adherence

We also measure feedback adherence: the degree
to which the optimizer LLM incorporates the tex-
tual gradient into its instruction edits (Table 2). We
prompt Claude Sonnet 4.6 evaluator to output an ad-
herence score on a 10-point scale (refer Appendix F
for the prompt).

Across all modes and validation settings, ad-
herence is uniformly high (7.8 to 8.8 on a 10-
point scale), confirming that the optimizer faith-
fully implements whatever gradient it receives,
even when those suggestions are generic rather
than criterion-specific. This indicates the ceiling to
multi-objective judge prompt optimization is gradi-
ent quality rather than optimizer compliance.

6.3 Inference-Time Instruction Interference

Gradient dilution explains why SCC and CCC fail
to optimize effectively, but it does not explain why
SSS and SSC optimizations also stagnate. These
per-task modes produce highly specific gradients
and high-adherence prompt updates, yet still fail to
improve over the initialization. To diagnose this,
we design an oracle cherry-pick experiment that
isolates the inference-time component of multi-task
failure. For each task, we select the single best
instruction across all single-task optimization runs
(the instruction with the highest held-out Spear-
man p for that task), then combine these four oracle-
optimal instructions into one multi-task prompt and
evaluate on the full test set.

We see that oracle-optimal instructions degrade
when combined (Table 3), achieving 0.22 average
Spearman, a drop of 0.085 from the single-task op-
timized performance of 0.305. In Appendix B we
explore more variants by using different metrics to
select the best instruction per task, and observe the
same effect. These instructions each individually
outperform the baseline on their respective tasks,
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but combining them produces performance strictly
worse than the generic initial prompt.

The primary mechanism appears to be
instruction-length asymmetry. Optimization
produces over-specified rubrics for some tasks
(the fluency instruction expands to ~800 tokens
with detailed scoring anchors) while leaving others
under-specified (the relevance instruction remains
at ~4 tokens of the initial prompt). When packed
into a single prompt, verbose instructions receive
disproportionate attention relative to brief ones at
inference time.

This finding strengthens a result from Shen et al.
(2026), who observe that naive rubric construction
degrades GPT-40 preference-judgment accuracy
by 13 points on JudgeBench. The degradation we
observe is larger and occurs with oracle-selected
rather than naively constructed instructions. Shen
et al.’s result shows that bad rubrics hurt. Ours
shows that individually good rubrics can hurt when
combined. This implies that instruction interfer-
ence is not resolvable by improving per-task opti-
mization alone.

7 Conclusion

Multi-criteria textual gradient optimization for
LLM judges exhibits two failure points that our
decomposition study and process-level diagnostics
expose. These are systematic failures, correspond-
ing to distinct pipeline stages and affect different
decomposition modes: (i) Gradient dilution oper-
ates at optimization time. When the gradient LLM
must reconcile feedback from multiple criteria in
a single call, its suggestions lose task-specificity
(59% drop; Appendix Table 4). The optimizer
propagates the low-specificity signal through to
the final prompt; (ii) Instruction interference op-
erates at inference time. Independently optimized
per-task instructions degrade when combined into
one prompt (Table 3) because instruction-length
asymmetry causes verbose rubrics to receive dis-
proportionate attention relative to brief ones.

For practitioners customizing judges to domain-
specific criteria (Kim et al., 2024), these results in-
dicate architectural changes are required before the
multi-objective setting can work reliably. Address-
ing either failure mode alone is insufficient. Sepa-
rate judge calls per criterion eliminates interference
but multiplies inference cost. Conflict-aware gradi-
ent resolution adapted from numerical multi-task
learning (Yu et al., 2020; Liu et al., 2021) could
address dilution if textual gradients can be mean-

ingfully embedded and projected. Our proposed
diagnostics (gradient specificity and feedback ad-
herence) provide the measurement tools to evaluate
either approach.

8 Future Work

Our findings open several concrete directions to
broader research on customized LLM evaluation.

Statistically reliable LLM diagnostics with PPI.
Our diagnostics are LLM-judged, introducing an
evaluator-bias. Prediction-Powered Inference (An-
gelopoulos et al., 2023; Boyeau et al., 2025) com-
bines a small human-judged set with a large LLM-
judged set to produce provably unbiased estimates;
the hierarchical PPI extension of Divekar and Ma-
jumder (2026) is directly applicable here, since
annotations are per-gradient but the quantity of in-
terest is the per-mode mean. This would allow us
to report the specificity gap as a confidence interval
and scale diagnostics to hundreds of runs without
scaling human annotation linearly.

Synthetic task generation for aligned criteria.
A new direction is to synthesize the criteria them-
selves rather than treat them as fixed. Persona-
driven synthesis at billion-person scale (Chan et al.,
2024; Yu et al., 2023) and instruction-data genera-
tion with controlled diversity (Divekar and Durrett,
2024; Kowshik et al., 2024) can produce synthetic
objectives that are complementary for optimiza-
tion. If the synthesized tasks are mutually aligned
by construction, the combined gradient should suf-
fer less semantic drift, raising gradient focus and
potentially mitigating both failure modes at their
source.

Multi-objective critics for agentic workflows.
Multi-objective judge prompts could serve as crit-
ics in agentic LLM systems, where a critic must
track several quality dimensions of tool-use trajec-
tories at once (Ding, 2026; Chuang et al., 2026;
Rudman et al., 2026). Applying our optimization
pipeline to such critics raises an open question: do
gradient dilution and instruction interference still
emerge when criteria are tool-grounded and par-
tially verifiable, or does verifiability yield more
robust gradients? Our diagnostics provide a princi-
pled way to measure this.

Mitigations. Our diagnostics motivate concrete
mitigations. For gradient dilution, a specificity-
aware router could fallback to per-task gradient
LLM when a multi-task LLM specificity drops
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below threshold, capturing CCC’s hypervolume
without losing task-focus. For instruction inter-
ference, we propose two avenues: (i) next-token
attention masking for per-criterion output genera-
tion (eliminating interference as no cost), and (ii)
length-aware instruction synthesis that normalizes
rubric length during optimization so no single cri-
terion dominates the attention budget.

Limitations

Our experiments are scoped to SUMMEVAL as
it provides expert human annotations on four
clearly separable criteria. Other benchmarks
would validate our identified failure modes:
BRIGHTER (Muhammad et al., 2025) tests
whether dilution scales with task count and crosses
language boundaries; ASAP++ (Mathias and Bhat-
tacharyya, 2018) (per-trait essay-grading rubrics)
tests whether the SCC to CCC gradient speci-
ficity cliff transfers beyond summarization; EM-
SCAD (Vidros et al., 2017), GitBugs (Patil et al.,
2026), test heterogeneous classification criteria
rather than ordinal quality scales.

Other prompt optimization paradigms may ex-
hibit different multi-task dynamics, though our di-
agnostics are algorithm-agnostic and can be applied
to any textual gradient approach.

Our sample size (/N = 3 runs) limits statistical
power, and we restrict our claims to effect sizes
that are robust at this sample size (e.g., the 59%
specificity drop and —0.085 cherry-pick degrada-
tion). Finally, gradient specificity and feedback
adherence are scored by an LLM evaluator, which
introduces a potential confound.

Ethics Statement

Optimized judge prompts inherit biases present
in the underlying LLMs and in the human anno-
tations used for evaluation; practitioners should
audit optimized prompts before deploying them in
sensitive evaluation contexts (e.g., content moder-
ation or hiring). Our code and diagnostics will be
released under an open-source license to support
reproducibility.
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A Per-Task Gradient Specificity

Table 4 shows gradient specificity broken down by
task for the combined-gradient modes (SCC, CCC).
Averaged across SCC and CCC, consistency is the
most diluted dimension (specificity 2.5), while co-
herence retains moderate focus (5.0). This suggests
that the gradient LLM’s attention is not uniformly
distributed across tasks when processing them si-
multaneously.

Mode FL Rel. Coh. Con. Avg

PER-TASK GRADIENT MODES
Single 89 89 9.1 9.0 9.0
SSS 9.0 9.0 9.1 9.0 9.0
SSC 9.0 9.1 9.1 9.0 9.0

CROSS-TASK GRADIENT MODES

SCC 30 43 4.8 2.6 3.7
CccC 32 43 5.1 24 3.8

Table 4: Gradient specificity by task (mean over both val
settings, all runs and steps). Per-task modes maintain
uniformly high specificity. In all-task modes, consis-
tency is most diluted and coherence retains moderate
focus.

B Cherry-Pick Experiment: All Variants

Table 5 shows all six cherry-pick variants (three
selection metrics and two validation settings). All
variants degrade below the initial generic baseline,
confirming that inference-time instruction interfer-
ence is robust across metric choices.

C Gradient Specificity Under
Gradient-Model Swap

We swap the gradient LLM backbone to
DeepSeek-V4-Pro (DeepSeek-Al, 2026) while
keeping the task, loss, and optimizer LL.Ms in the
Qwen3 family and holding the rest of the pipeline
fixed. As shown in Figure 4, SSC remains high
(8.82+£0.10) while SCC drops sharply (4.2240.26,
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Validation Selection metric  Avg p
Initial prompt (generic) 0.284
MAE Spearman 0.220
MAE Oft-by-one 0.232
MAE MAE 0.231
None Spearman 0.120
None Off-by-one 0.200
None MAE 0.172

Table 5: All cherry-pick variants. Every oracle combi-
nation degrades below the initial generic baseline. The
worst case (val=none, Spearman selection) additionally
shows zero fluency correlation.

a 52% reduction), indicating that gradient dilution
persists under a cross-family gradient model.

Gradient Specificity by Decomposition Mode

Gradient Specificity Score

O T T
SSC ScC

Decomposition Mode

Figure 4: Gradient specificity for SSC vs. SCC after
swapping the gradient LLM to DeepSeek-V4-Pro while
keeping the other stages on Qwen3. SSC remains high
(8.82 £ 0.10) while SCC drops to 4.22 + 0.26, a 52%
reduction.

Mode Initial Best (step) A HVI
SINGLE-TASK 0.287 0.403(9) +0.117 —

SSS 0.384 0421 (9) +0.037 4.264
SSC 0.390 0429 (7) +0.039 4.436
SCC 0.379 0418 (11) +0.039 4.331
Cccc 0.383 0409 (7) +0.026 4.282

Table 6: Main results under the MAE validation gate for
the DeepSeek backbone. We measure the task-averaged
Spearman correlation (mean over N = 3 runs). Notation
same as Table 1.

D DeepSeek v4 Results

We repeat our analysis on DeepSeek v4 mod-
els (DeepSeek-v4-Flash as the task LLM;
DeepSeek-V4-Pro for loss, gradient, and optimizer

LLMs). These provide a stronger starting point for
the task-following and optimization steps. We use
the MAE validation gate and run N =3 seeds.

D.1 Overall Performance

Table 6 summarizes performance at step 12. We ob-
serve a stronger backbone for the task and optimiza-
tion LLMs result in a superior increase from the
initial prompt. Multi-objective modes start from
a stronger initialization (p ~ 0.38) and reach best
avg p between 0.409 and 0.429. SSC attains the
best avg p and the highest HVI. However, we ob-
serve that the trend sustains as before, with the
improvement through prompt optimization being
highest for single-objective optimizations.

Figure 5 plots the per-task optimization trajec-
tories. Unlike the Qwen3 setting, where multi-
objective modes stagnated at or below the initial
prompt (Figure 2), the DeepSeek backbone yields
consistent improvement from initialization.

The pattern of improvement, however, mirrors
the main results: Single-Task achieves the largest
gain across steps, while the multi-objective modes
show flatter trajectories. The stronger optimizer
LLM lifts all modes substantially, but it does not
close the gap between single-objective and multi-
objective optimization.

Per-task traces remain bounded within narrower
bands than their Qwen3 counterparts, consistent
with the observation that a stronger task model
produces more stable evaluation dynamics.

D.2 Gradient Specificity

With DeepSeek, the gradient dilution cliff persists:
per-task gradient modes (Single/SSS/SSC) remain
highly task-focused (mean 8.78 specificity), while
joint-gradient modes (SCC/CCC) drop to mean
4.25 (a 52% reduction), indicating that combining
criteria in a single gradient call yields substantially
more generic feedback. As shown in Figure 6, gra-
dient specificity remains high for per-task gradient
modes, while joint-gradient modes exhibit a sharp
drop under the DeepSeek configuration.

E Multi-Objective Judge Prompt
Template

Our multi-criteria prompt has two parts: a frozen
skeleton (evaluation directive, output format) and
mutable per-task instructions (the “Instructions”
section).

Only the per-task instructions are updated during
optimization; the skeleton remains fixed through-
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Figure 6: Gradient specificity by decomposition mode
under DeepSeek.

out all 12 steps. Our skeleton is specific to
SUMMEVAL but may be easily adapted to other
problems.

Initial prompt template

You are a careful, calibrated evaluator. Your goal is to
produce an accurate evaluation by following the
Instructions below.

## Task

Evaluate the Summary given the Source Text using the
Instructions below.

1. Consider every strength and flaw you find when making
your evaluation.

2. Based on the number and severity of the strengths and
flaws, assign a value.

Use the Instructions below to perform your evaluation.
Output a JSON with the requested scores. Do NOT include
reasoning or explanations.

## Output format (follow this EXACTLY):
{
"fluency”: 1|2|3|4]5,
"relevance”: 1|2|3|4]|5,
"coherence”: 1|2|3|4]|5,
"consistency”: 1]2|3]4|5
}

## Instructions:

- fluency: Rate from 1 to 5.

- relevance: Rate from 1 to 5.

- coherence: Rate from 1 to 5.

- consistency: Rate from 1 to 5.

## Sample:

Summary: <summary text>
Source Text: <source text>

.

After optimization, the per-task instructions ex-
pand substantially. Below is an example from a
SSS run (MAE validation, step 1), showing how
the optimizer rewrites the generic one-line instruc-
tions into detailed, criterion-specific rubrics.

Example optimized instructions (step 1)

## Instructions:

- fluency: Fluency: Rate 1-5 based on
grammatical correctness, sentence flow,
and ease of parsing. A score of 5 reflects
natural, effortless readability even with
minor syntactic informality. Do not penalize
for stylistic choices that do not impede
comprehension.

- relevance: Relevance: Rate 1-5 based on how

completely the summary addresses the core

informational needs implied by the source
text. A score of 5 means all key facts,
outcomes, and implications are included with
no deviation. Relevance penalizes both
omission (missing key facts) and commission

(adding unsupported claims).

coherence: Coherence: Rate 1-5 based on

logical flow, temporal sequence, and

referential stability. A score of 5 means
events unfold in a cause-effect or
chronological order, with clear antecedents
for all pronouns and noun phrases.

- consistency: Consistency: Rate 1-5 based on
whether the summary contradicts any claim
in the source text. A score of 5 requires
no factual or inferential contradictions.

A single major inconsistency reduces the
score to 1.

F Diagnostic Evaluation Prompts

Below we include the prompts used for task-level
diagnostics. Both diagnostics are evaluated post-
hoc by Claude Sonnet 4.6.

F.1 Gradient Specificity Evaluator

The following prompt rates each textual gradient
on a 1 to 10 scale for task-specificity:
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Gradient specificity evaluator prompt

You are measuring how focused a piece of
textual feedback (called a "gradient”) is on
a specific evaluation task, versus being
diluted with generic advice or advice that
belongs to other tasks.

The target task is "{task}"”. The possible
tasks are: fluency, relevance, coherence,
consistency.

Rate from 1 to 10 how well this gradient
focuses on the "{task}" task.
1 = completely generic or mostly addresses
other tasks.
10 = laser-focused on "{task}" with concrete,
task-specific fixes.

## The Gradient
{gradient_text}

Respond with ONLY a single integer from 1
to 10. No explanation.

.

F.2 Feedback Adherence Evaluator

The following prompt measures how well the opti-

mizer incorporated each gradient into its instruction

edit:

Feedback adherence evaluator prompt

You are evaluating whether revisions to
task-specific instructions correctly
addressed the gradient (suggested changes).

The instructions are for an LLM judge that
evaluates the "{task}" task. The Gradient
may contain suggestions about multiple
tasks; consider only suggestions pertaining
to "{task}".

Rate from 1 to 10 how well the New

Instructions address the Gradient for

"{task}".

1 = completely ignores/contradicts.

10 = precisely addresses every point while
preserving what worked.

## 01d Instructions
{old_instruction}

## New Instructions
{new_instruction}

## Gradient (Suggested Changes)
{gradient_text}

Respond with ONLY a single integer from 1
to 10. No explanation.

.
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