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Abstract

In a conversation, a helpful assistant must reliably follow user direc-
tives, even as they refine, modify, or contradict earlier requests. Yet most
instruction-following benchmarks focus on single-turn or short multi-turn
scenarios, leaving open how well models handle long-horizon instruction-
following tasks. To bridge this gap, we present SEQUOR, an automatic
benchmark for evaluating constraint adherence in long multi-turn conver-
sations. SEQUOR consists of simulated persona-driven interactions built
with constraints extracted from real-world conversations. Our results show
that even when following a single constraint, instruction-following accu-
racy consistently decreases as the conversation grows longer, with drops
exceeding 11%. This decline becomes larger when models have to follow
multiple constraints simultaneously, reducing their accuracy by over 40%.
In scenarios where constraints are added or replaced at arbitrary points
of the conversation, model accuracy decreases by more than 9%. Taken
together, our results reveal that current models still struggle to follow
user instructions in multi-turn conversations, and provide a way for better
measuring instruction-following capabilities in assistants.1

1 Introduction

Digital assistants must consistently adhere to user instructions across the full course of a
conversation. Because users often refine, modify, or even contradict earlier requests (Zheng
et al., 2024; Zhao et al., 2024; Bai et al., 2024; Chiang et al., 2024; Laban et al., 2025), this skill
requires following instructions that may change over many turns. This makes evaluation
challenging, as current instruction-following benchmarks evaluate models in single-turn
or short multi-turn settings, using either programmatically verifiable or LLM-generated
instructions that are not representative of real-world use cases (Zheng et al., 2023; Zhou
et al., 2023; Qin et al., 2024; He et al., 2024; Kwan et al., 2024; Jiang et al., 2024; Dussolle
et al., 2025; Pyatkin et al., 2025; Xia et al., 2024; Bai et al., 2024; Jiang et al., 2024; Deshpande
et al., 2025). This context raises the question of how robustly modern large language models
(LLMs) follow instructions in open-domain interactions that span multiple turns.

To bridge this gap, we present SEQUOR,2 an automatic benchmark that measures instruction-
following capabilities in multi-turn open-domain conversations. SEQUOR is grounded in
two core principles. First, constraints must be realistic, broadly applicable, challenging,
and verifiable (§2). Second, interactions must span many turns, allowing constraints to
accumulate or be replaced in a credible way (§3; see Figure 1). Accordingly, SEQUOR
comprises simulated persona-driven interactions built from constraints extracted from real-
world conversations. It systematically varies how and when constraints are introduced,

1Code and data are available at: https://github.com/deep-spin/SEQUOR
2SEQUOR is a Latin verb meaning “I follow.”
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As we talk, always comply with these constraints: 1) Talk in 3rd person; 2) Present facts in bullet 
point form. The scent of the essential oil diffuser (lavender and eucalyptus) feels especially strong 
this morning—could this be subtly enhancing the lung expansion in my yoga, or …?

…

…

…

…

…

…

In addition to the previous constraints, also follow this one from now on: Feel like talking 
to a child. I’ve always believed consistency is sacred in rituals—but what if …?

I just finished my glass of warm lemon water, and for the first time, I noticed a faint bitter 
aftertaste. Is this my liver processing something deeper than nicotine…?

The yoga mat I’m using is frayed at the edge…? Should I replace it?

After holding that deep diaphragmatic breath in the pigeon pose, my chest tightened… 
Is this normal?

Forget prior constraints. From here on, the only rule is: Explain your answer using a diagram. 
I’ve been taking this exact supplement blend for six weeks now, but this morning the NAC 
tasted metallic—could my body’s need for it be changing?

Figure 1: Example snippet of a conversation from SEQUOR.

from initial constraints that remain unchanged over the conversation, to constraints that
are incrementally added or replaced over time. As a result, it captures a broad range of
long-horizon instruction-following scenarios.

We evaluated several modern LLMs on SEQUOR, revealing consistent limitations in long-
horizon instruction-following (§4). Across all regimes, constraint-following accuracy de-
grades as conversations become longer. Even when following a single constraint, accuracy
drops by more than 11% between the first and last turns. The decline is substantially larger,
exceeding 38%, when multiple constraints need to be satisfied simultaneously, and is most
pronounced, with losses above 40%, when constraints are introduced sequentially rather
than all at once. Resetting constraints mid-conversation allows models to recover their
initial performance, although accuracy declines more rapidly afterward. Finally, when
constraints are randomly added or replaced at arbitrary points in the conversation, accuracy
decreases by more than 9%. Taken together, these results show that current models still
struggle to reliably follow user directives over long multi-turn interactions.

Our main contributions are summarized as follows:

• We propose an automated pipeline for extracting and curating broadly applicable,
non-trivial, and objectively verifiable constraints from real-world conversations (§2).3

• We introduce SEQUOR, a multi-turn benchmark for constraint-following, comprising
1, 400 conversations of 50 turns each (§3). It systematically varies how constraints are
introduced in a conversation, ranging from static initial constraints to incremental
addition and replacement over time.

• We empirically demonstrate that current LLMs experience substantial degradation in
constraint adherence as the number of turns increases and constraints accumulate (§4).

2 Collecting realistic constraints in the wild

To evaluate instruction-following, we test whether an assistant adheres to constraints
shaping its output’s form, style, or structure. We collect constraints from real-world con-

3Accompanying our benchmark, we also release the curated pool of 1,446 realistic constraints.
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>

Final Pool of Constraints

>
• All responses must be snarky.
• Don't use any pronouns.
• Include grammar mistakes.
• Feel like talking to a child.

Constraint Extraction

• All responses must be snarky.
• Don't use any pronouns.
• Include drawing.
• Include grammar mistakes.
• Extract in CSV format.
• Feel like talking to a child.

LLM extracts constraints from 
real-world conversations

Constraint Filtering

Heuristics: remove non-English, 
duplicate, and unsafe constraints

Satisfiability: keep constraints that 
apply across multiple contexts

Non-triviality: remove constraints 
that models follow by default 

Objectivity: remove constraints 
that lead to inconsistent judgments

Figure 2: Pipeline to collect constraints from real-world conversations.

Rubrics used to identify non-satisfiable constraints

1. Is the constraint actually a restriction or condition that limits how the model should generate
its output to the task?
2. Does the constraint target a different question, topic, or domain than the task itself?
3. Is the constraint applicable to the type of output the task requires?
4. Does the constraint fall into one of the following four categories: linguistic guidelines, style
rules, format specifications, or number limitations?

Figure 3: Rubrics used by LLM judges to identify non-satisfiable constraints. The complete
prompt template, including the definitions of the constraint categories, is shown in Figure 10.

versational data and automatically filter them using heuristics and LLMs-as-judges (Zheng
et al., 2023). Our pipeline, shown in Figure 2, produced a pool of 1,446 realistic constraints.

Extracting constraints. Starting from lmsys-chat-1m (Zheng et al., 2024), a dataset of real-
world user-assistant conversations,4 we prompt Qwen3-Next-80B-A3B-Instruct-FP8 (Yang
et al., 2025; Team, 2025) with each English conversation to extract all constraints expressed
in the user prompts. Following Qin et al. (2024), we categorize the constraints into four main
categories: linguistic guidelines, style rules, format specifications, and number limitations.5

Automatic filtering. Using the Datatrove library (Penedo et al., 2024), we remove non-
English constraints with the fastText language identification model (Joulin et al., 2016a;b),
discarding all entries with a confidence score below 0.65. We then remove similar constraints
using MinHash deduplication with 50 buckets, 4 hashes per bucket, and 3-grams. Finally,
we exclude constraints containing words from the English subset of a predefined list of bad
words,6 or sequences of characters from a custom list.7

Ensuring constraints are satisfiable. We retain only constraints that are satisfiable across
multiple contexts. For example, “Answer in at most 100 words.” is broadly applicable, whereas

“Your answer must include a Python function definition.” is only meaningful for programming-
related tasks. To identify satisfiable constraints, we pair each one with 100 randomly
sampled tasks, and evaluate each pair using various judges and the rubrics presented
in Figure 3. A constraint is satisfiable for a given task if a judge assigns positive scores to

4It contains 1M conversations collected from Chatbot Arena and Vicuna demo (April-August 2023).
5Qin et al. (2024) consider an additional fifth category, content constraints, which define the

topics or details that should be addressed in the LLM’s response. We exclude this category from our
experiments because: 1) we found them harder to extract from conversations, and 2) they are less
aligned with our goal of collecting constraints that are broadly applicable across diverse contexts.

6https://github.com/LDNOOBW/List-of-Dirty-Naughty-Obscene-and-Otherwise-Bad-Words
7Custom list: sex, porn, nud
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All responses must be snarky.

Include grammar mistakes.
Feel like talking to a child.

Don't use any pronouns.

Write a teasing reply.
Stop after ‘.’.

Constraints

Tuples Replace Add

Tu
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3
4
5
6
7
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9

Single Everything

Figure 4: SEQUOR simulates persona-driven interactions, varying how constraints are
introduced across five systematic regimes.

rubrics 1, 3, and 4, and a negative response to rubric 2. To pass this filter, a constraint must
be deemed satisfiable by every judge in at least 70% of the analyzed contexts.

Avoiding trivially satisfiable constraints. Although we prioritize broadly applicable
constraints, we exclude ones that are likely to be satisfied even when not explicitly specified
in the prompt. For example, “Answer in proper English.” is typically followed by most
language models when responding in English. To identify such trivial constraints, we
sample model responses to 100 tasks without specifying any constraint and test whether the
constraint is nevertheless satisfied. A constraint is non-trivial if each judge classifies at least
70% of the responses as not satisfying the constraint.

Removing subjective constraints. Some constraints are subjective and may lead to incon-
sistent evaluations across judges (e.g., “Write a creative response.”). To identify and remove
such cases, we pair each constraint with 100 tasks and sample model responses to these
constraint-task pairs. We then use multiple judges to independently assess whether the
constraint has been followed in each response. A constraint is non-subjective if all judges
agree on the binary judgment in at least 70% of the evaluated task contexts.

For constraint assessment, we use three judges: GPT-oss-120B (OpenAI et al., 2025), Qwen3-
235B-A22B-Instruct-2507-FP8 (Team, 2025), and GLM-4.7-FP8 (Team et al., 2025b). Model
responses are generated using four smaller LLMs: Qwen3-4B-Instruct-2507 (Team, 2025),
Llama-3.2-3B-Instruct (Grattafiori et al., 2024), Gemma3-4B (Team et al., 2025a), and Olmo-
3-7B-Instruct (Olmo et al., 2025). The 70% threshold balances robustness to contextual
variability and constraint diversity. Further analysis and prompt templates are in Section A.

3 SEQUOR: Simulating and evaluating multi-turn conversations

From our pool of realistic constraints, we construct SEQUOR. In SEQUOR, user turns are
generated from persona profiles and the extracted constraints, and the assistant turns are
then evaluated using an LLM-as-a-judge.

3.1 Simulating conversations

SEQUOR consists of sequences of user turns that form multi-turn conversations with an
assistant. Each turn specifies a task—an action or goal for the assistant to perform—and
optionally updates the constraints the assistant must follow. To emulate realistic conditions,
we design five test scenarios, use persona profiles, and control for conflicting constraints.
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Test sets. SEQUOR includes five test sets built from a fixed collection of user-turn sequences,
differing only in the constraints provided to the assistant (see Figure 4). For each test set,
the constraints are randomly sampled from our pool and introduced at specific turns using
predefined templates (see §D). The five sets are defined as follows:

• Single. One constraint is given in the first turn and must be followed thereafter.
• Tuples. Three constraints are given in the first turn and must be followed thereafter.
• Replace. A constraint is given in the first turn and replaced every x turns. Each

constraint must be followed until it is replaced. We consider x = 5 and x = 10.
• Add. A constraint is given in the first turn, and additional ones are added every x

turns, up to a maximum of three. Constraints accumulate; once introduced, they
must be followed thereafter. We consider x = 5 and x = 10.

• Everything. A mixture of the previous regimes. After a random number of turns
(between 1 and 5), up to three constraints are given, randomly accumulating with
or replacing earlier ones.

Tasks. We design tasks to simulate interactions between diverse personas and an assistant.
We first sample persona profiles from Persona Hub (Ge et al., 2025) and use Qwen3-Next-
80B-A3B-Instruct-FP8 (Yang et al., 2025; Team, 2025) to generate a sequence of daily activities
tailored to each persona’s profession, interests, and lifestyle. Then, given a persona and an
activity, the same model generates open-ended questions that the persona might naturally
ask an assistant in that scenario. This process yields ordered sequences of questions that
simulate a natural flow of interactions. See Figure 1 for an example. Prompt templates are
given in Appendix E. The final dataset contains 200 personas, each with 50 associated tasks.

Tuples of constraints. For evaluation scenarios in which the assistant must satisfy multiple
constraints simultaneously, we must identify tuples of compatible constraints (e.g., “Write
your answer entirely in capital letters.” vs. “Write your answer entirely in lowercase letters.”
are not compatible). To do so, we first sample tuples of three constraints from our pool
and pair them with 100 tasks. Then, we apply two filtering criteria to ensure the tuples
contain compatible constraints. First, we only retain tuples for which all judges agree
that its constraints are non-conflicting for 70% of the tasks. Second, after sampling one
response for each tuple-task pair, we only retain tuples for which all judges agree that at
least one answer satisfies all constraints for 70% of the tasks. We use three judges: GPT-
oss-120B (OpenAI et al., 2025), Qwen3-235B-A22B-Instruct-2507-FP8 (Team, 2025), and
GLM-4.7-FP8 (Team et al., 2025b). Responses are sampled from GPT-oss-20B (OpenAI et al.,
2025), Llama-3.1-8B-Instruct (Grattafiori et al., 2024), Gemma3-27B (Team et al., 2025a), and
Olmo-3.1-32B-Instruct (Olmo et al., 2025). Prompt templates are provided in Section B.

3.2 Evaluation with LLM-as-a-judge

All assistant responses in SEQUOR are evaluated independently on a turn-by-turn basis
using an LLM-as-a-judge (Zheng et al., 2023; Gu et al., 2025). For each turn, the judge
determines whether the response satisfies each active constraint individually. We verify that
models can reliably judge constraint adherence.

Data. We randomly sample 500 constraint–task pairs from our pool. For each pair, we
prompt two strong models to generate two responses in a single-turn setup: (i) one instructed
to satisfy the constraint and (ii) one instructed to violate it. We manually inspect a subset of
100 responses (25 from each model–setup combination) and find only 2 cases that do not
behave as intended. This suggests that the generated responses are of high quality, and we
therefore treat them as gold. Section F provides the prompt templates and further analyses.

Evaluation. We evaluate four candidate judges by asking them to determine whether each
answer satisfies its associated constraint (prompt template in Figure 12). We report the
percentage of correct and incorrect classifications for: (i) gold answers satisfying constraints
(Gold: Yes), (ii) gold answers violating constraints (Gold: No), and (iii) overall.
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Gold: Yes Gold: No Overall

Model ✓ ✗ ? ✓ ✗ ? ✓ ✗ ?
Qwen3-235B-A22B-Inst. 84.90 15.10 0 98.10 1.70 0.20 91.50 8.40 0.10
Qwen3-235B-A22B-Think. 87.90 11.90 0.20 98.40 1.60 0 93.15 6.75 0.10
GPT-oss-120B 88.30 11.50 0.20 98.80 0.70 0.50 93.55 6.10 0.35
GLM-4.7-FP8 91.10 8.90 0 98.60 1.30 0.10 94.85 5.10 0.05

Table 1: Percentage of correct (✓), incorrect (✗), and unextractable (?) verdicts of candidate
judges in detecting constraint adherence. “Gold: Yes” and “Gold: No” denote gold responses
that satisfy or violate constraints, respectively; “Overall” reflects the full evaluation set.

Models. Gold responses are generated using Gemini 3 Flash Preview (Google, 2025) and
GPT-5.2 (OpenAI, 2025), producing two independent gold sets. We select these models
for their strong instruction-following capabilities according to public benchmarks.8 Using
two generators instead of one reduces dependence on any single model and increases the
robustness of the analysis. We compare the following models as judges: Qwen3-235B-
A22B-Instruct-2507-FP8, Qwen3-235B-A22B-Thinking-2507-FP8 (Team, 2025), GPT-oss-120B
(OpenAI et al., 2025), and GLM-4.7-FP8 (Team et al., 2025b).

Results. Table 1 reports the judges’ performance averaged across the two gold sets gen-
erated by Gemini 3 Flash Preview and GPT-5.2. For all models, detecting violations is
easier than confirming correct adherence, and the rate of unextractable verdicts is minimal.
GLM-4.7-FP8 performs best on “Gold: Yes” and overall. However, we select GPT-oss-120B
for our main experiments (§4) as it offers competitive performance with greater efficiency.

4 Experiments

SEQUOR evaluates models’ ability to follow constraints throughout multi-turn conversations.
Accordingly, we consider all model responses in a conversation and assess uniquely whether
they satisfy all constraints active at each turn.

4.1 Experimental setup

Metrics. A turn is considered successful if the model’s response satisfies all constraints
active at that turn. Our main metric is per-turn accuracy, defined as the percentage of
successful responses at each turn, averaged across conversations. We also report the failure
rate, defined as the percentage of active constraints within a category that are violated at
each turn, averaged across all models and conversations within each regime.

Evaluated models. We benchmark 10 open-weight models from different families and
sizes: Qwen3-4B-Inst, Qwen3-30B-A3B-Inst, Qwen3-235B-A22B-Inst9 (Team, 2025), Gemma3
4B, 12B, and 27B (Team et al., 2025a), Llama-3.3-70B-Inst (Grattafiori et al., 2024), GPT-oss
20B and 120B (OpenAI et al., 2025), and GLM-4.7-Flash (Team et al., 2025b). We also report
results for the proprietary Gemini 3.1 Flash Lite (Google, 2026). All models are run with their
default configurations. We implement a sliding-window approach when the conversation
history exceeds a model’s context length.

4.2 Regime analysis

We analyze how constraint adherence evolves throughout conversations for each regime.
Figure 5 shows the per-turn accuracy averaged across all models, as well as results for
the best-performing model; shaded areas indicate the 95% confidence intervals. Figure 6

8https://artificialanalysis.ai/evaluations/ifbench (accessed February 25, 2026)
9We use the Instruct-2507 versions of the models, and FP8 quantization for the largest two.
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Figure 5: Per-turn accuracy across regimes. Shaded regions indicate 95% bootstrap confi-
dence intervals.
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Figure 6: Change in per-turn accuracy from turn 1 to turn 50 across regimes. Each gray line
corresponds to a model, while the colored lines show the average across models.

illustrates the drop in accuracy between the first and last turns for all regimes and models.
Add 5, 10 and Replace 5, 10 denote the number of turns between each addition or replacement.

Performance degrades consistently as conversations progress across all regimes. Even
in the simplest regime, Single, average accuracy drops by 26% from the first to the last
turn (Figure 5). This demonstrates that maintaining even a single constraint over extended
interactions is challenging and that short-horizon evaluations do not accurately reflect
models’ long-term instruction-following capabilities.

Models struggle more to follow multiple constraints simultaneously, particularly when
these are introduced sequentially over time. Among all regimes, Tuples and Add exhibit
the largest performance drops, averaging 38% and 63%, respectively (Figure 6). Tuples is
initially the most challenging setting, but the Add regimes become progressively harder as
constraints accumulate, with noticeable drops whenever new constraints are introduced
(Figure 5; turns 6 and 11 in Add 5, and turns 11 and 21 in Add 10). This shows that
incrementally accumulating constraints is harder than presenting them all at once, likely
because models struggle to retain earlier constraints and integrate them with new ones.
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Figure 7: Per-turn accuracy for all models in the Everything regime.

Models recover their initial performance when existing constraints are replaced with
new ones. Sharp spikes in the Replace 5 and Replace 10 regimes coincide with constraint
replacements (e.g., turns 11, 21, 31, and 41 in Replace 10; Figure 5). Interestingly, after each
replacement, accuracy declines more rapidly than after the initial constraint. Results suggest
that maintaining constraints over time, rather than incorporating new ones, is the primary
challenge, possibly due to error accumulation.

Randomly adding or replacing constraints at arbitrary points in a conversation results
in an average performance drop of 27% from the first to the last turn. The Everything
regime combines all others, balancing easier scenarios (e.g., resetting constraints) with more
challenging ones (e.g., accumulating multiple constraints). Consequently, it provides a more
realistic estimate of instruction-following capabilities in long conversations, where different
types of constraint updates naturally coexist. Although models occasionally recover—
particularly after constraints are reset—accuracy still declines substantially over the course
of the conversations, highlighting limited robustness under mixed constraint updates.

Gemini 3.1 Flash Lite, the best-performing model, shows similar overall trends and
significant performance losses. To estimate the upper bound of the evaluated systems,
we analyze the best-performing model, identified using the Borda count ranking (Colombo
et al., 2022). Gemini exhibits the same overall trends as the remaining models. In particular,
performance still drops by up to 25% and 40% in the Tuples and Add regimes, respectively,
falling below 60% accuracy at turn 50 in both settings (Figure 5). These results suggest that
the observed failure modes are not limited to weaker models.

4.3 Model breakdown analysis

Figure 7 reports the performance of all models in the Everything regime, measured every five
turns. Gemini 3.1 Flash Lite and Qwen3-235B-A22B-Inst are the only models that sustain
accuracy above 70% across all turns, despite drops of 9% and 13%, respectively. In contrast,
most other models fall below 60% accuracy at turn 50. Notably, these declines cannot be
explained by context-length limitations, as the active constraints always appear within the
previous 15 turns and are thus well within the context window. This shows that maintaining
constraint adherence over long interactions remains challenging for current models.
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Figure 8: Failure rate per constraint categories across regimes.

4.4 Constraint breakdown analysis

We further analyze performance by constraint category across regimes—see Figure 8. Over-
all, all categories exhibit broadly similar trends within each regime, although the most
challenging category varies. Number limitations yield the highest failure rates in the Add 5,
Add 10, and Everything regimes; linguistic guidelines dominate in the Single, Replace 5, and,
to a lesser extent, Replace 10 regimes; and style rules are the most challenging in the Tuples
regime. Consistent with our main findings, failure rates generally increase over turns in all
regimes except Replace, where they drop abruptly whenever constraints are reset.

5 Related work

5.1 Constraint following evaluation

A large body of work evaluates language models ability to follow explicit output constraints.
IFEval (Zhou et al., 2023) introduced manually designed, programmatically verifiable
constraints for single-turn evaluation. Subsequent work expanded this framework to
multilingual and limited multi-turn settings while preserving rule-based verification (He
et al., 2024; Dussolle et al., 2025; Pyatkin et al., 2025). Although this approach enables
precise and reproducible evaluation, it restricts constraints to those that can be automatically
checked. InFoBench (Qin et al., 2024), FOFO (Xia et al., 2024), and FollowBench (Jiang
et al., 2024) relax deterministic verification and instead rely on LLM-as-a-judge evaluation.
Consequently, they introduce more diverse constraints, using manually written or LLM-
generated templates. These settings, however, remain limited to single-turn interactions.
Complementarily, SysBench (Qin et al., 2025) evaluates adherence to constraints specified in
system messages during short multi-turn interactions.

Constraint following has also been studied in moderately longer multi-turn settings. MT-
Eval (Kwan et al., 2024) and MultiChallenge (Deshpande et al., 2025) extend prior work to
conversations of 10–12 turns, explicitly evaluating whether models can retain, accumulate,
and apply constraints across dialogue turns. MemoryCode (Rakotonirina et al., 2025)
further scales this paradigm to substantially longer multi-session coding dialogues (up to
40K tokens). It is, however, restricted to the coding domain and relies on manually crafted,

9



Published as a conference paper at COLM 2026

programmatically verifiable constraints. Similar to our work, EvolIF (Jia et al., 2026) also
considers conversations of 50 user turns. However, it is limited to verifiable constraints and
evaluates only a single strategy for introducing constraints over time.

SEQUOR, in contrast, evaluates constraint adherence in conversations of 50 user turns, vary-
ing how constraints are introduced across five distinct regimes. It uses constraints derived
from real-world datasets, evaluating instruction-following in open-domain interactions.

5.2 Multi-turn evaluation

Beyond constraint following, several benchmarks evaluate general multi-turn conversational
abilities. MT-Bench (Zheng et al., 2023) introduced a two-turn evaluation framework based
on LLM judges without reference answers—an evaluation paradigm we also adopt. Building
on this, Bai et al. (2024) propose MT-Bench-101 to evaluate more complex, real-world
dialogue phenomena over interactions of up to 6 turns, assessing 13 fine-grained abilities
categorized under perceptivity, adaptability, and interactivity.

Other benchmarks explore interactive and feedback-driven settings. MINT (Wang et al.,
2024), Meeseeks (Wang et al., 2025), and related work (Laban et al., 2025; Kim et al., 2025)
assess models under iterative feedback, self-correction loops, dynamically revealed infor-
mation, and follow-up questioning. In contrast, SEQUOR does not provide feedback or
allow response revision. Instead, it evaluates whether models consistently follow evolving
constraints without external guidance.

Finally, long-context benchmarks such as LoCoMo (Maharana et al., 2024), LongMemEval
(Wu et al., 2025), and PersonaMem (Jiang et al., 2025) focus on long-term memory, persona
adaptation, and long-range reasoning in extended dialogues. While for SEQUOR we chose
conversations with 50 turns, this number is configurable, allowing control for the context
length as models progressively support longer context sizes.

6 Conclusion

We introduced SEQUOR, an automatic benchmark for evaluating constraint adherence in
long multi-turn conversations. It consists of simulated persona-driven interactions built with
constraints extracted from real-world conversations, systematically varying how constraints
are introduced. Our experiments reveal key limitations of current LLMs. Instruction-
following accuracy declines as conversations grow longer, even when following a single
constraint. The degradation becomes substantially larger when multiple constraints must
be followed simultaneously and are introduced sequentially over time. We hope SEQUOR
serves as a valuable testbed for studying long-horizon instruction-following.

Limitations

This work has some limitations. First, although SEQUOR uses constraints extracted from real-
world conversations, the user tasks are synthetically generated and follow fixed interaction
trajectories that do not adapt to the assistant’s previous responses. This design enables
scalable and controlled evaluation, allowing us to ensure topic diversity, reduced dataset
bias, and fair comparisons across models. However, it may not fully capture the dynamics
of naturally occurring conversations. Second, we evaluated only constraint adherence,
not the quality of the underlying task responses, as many generated tasks are open-ended
and do not have a single objective answer. Third, our evaluation relies primarily on an
LLM-as-a-judge. While our selected judge achieves high overall accuracy, it exhibits a slight
bias toward predicting that constraints are not satisfied. Fourth, although a subset of the
constraints is deterministically verifiable, identifying them and constructing reliable verifiers
at scale remains challenging; we analyze this trade-off further in Section F. Future work
could study constraint adherence and its relation with task performance in long dynamic
conversations, and use hybrid evaluation pipelines combining deterministic verification
with LLM-based judging where appropriate.
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A Constraint curation pipeline

A.1 Prompt templates

Figures 9 and 10 show the prompt templates used to extract constraints from conversational
datasets and identify satisfiable constraints, respectively. In the phases for identifying trivial
and subjective constraints, we used the prompt templates shown in Figures 11 and 12. To
sample model responses to tasks without specifying any constraint in the trivial phase, we
did use any template, just sent the tasks directly to the models. Figures 9 and 10 show the
prompt templates used to extract constraints from conversational datasets and to identify
satisfiable constraints, respectively. For the triviality and subjectivity phases, we used the
prompt templates shown in Figures 11 and 12. In the triviality phase, when sampling model
responses without imposing any constraint, we submitted the tasks directly to the models
without using any template.

Constraint extraction prompt template

Identify tasks and constraints in user prompts.

A task is a directive that specifies an action or goal. It tells a model to provide informa-
tion or do something, such as ”What is the capital of France?”, ”Summarize this text”, ”Translate
this sentence”, ”Who are you?”, ”Generate a list of ideas”, or ”Why is the sky blue?”.

A user prompt might contain no task! It can simply be a statement or expression, with-
out any specific request for information or action. Examples of such user prompts include
greetings (”Hello!”), expressions of emotion (”I’m feeling great today.”), or sharing information
(”I went to the park yesterday.”).

A constraint is a restriction or condition that limits how the model should generate its
output, rather than what task it performs. It guides the form, style, or structure of the response —
ensuring it adheres to specific requirements or rules.

We classify constraints into four main categories:
1) Linguistic Guidelines: These dictate the use of particular language structures and terms,
including grammatical styles, syntax, and specific dialects, like ”Victorian English” or ”technical
jargon”;
2) Style Rules: These direct the overall tone and audience of the text, varying from formal to
persuasive or sophisticated, as in writing with a ”respectful tone” or for ”a young audience”;
3) Format Specifications: These instruct the LLM on the structural presentation of its response,
such as ”write your answer as a sonnet” or ”list ideas bullet-wise”;
4) Number Limitations: These involve numeric-related instructions, like producing ”a 500-word
essay” or presenting ”three arguments for your answer”.

Below, you are given a sequence of user prompts taken from a conversation. Your job
is to identify all tasks and constraints in the user prompts. In addition, classify all constraints into
their categories. Each constraint should be classified into one and only one of the four categories
listed above.

You can first reason about the user prompts and their context. At the end, present your
final answer as a valid json output, ie, as a list of dictionaries where each dictionary contains the
turn number, the task defined in the user turn (if any, otherwise ””),and a list of dictionaries
for the constraints found (if any, otherwise []), where each constraint dictionary contains the
constraint and the constraint type.

For example:

User prompts:
“Turn 1:
Hello!

Turn 2:
I want to write an email to my boss about the crazy amount of meetings he’s scheduling. Write
me a formal email of 300 words to explain the situation and ask for him to be more understanding
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on the number of meetings he schedules.

Turn 3:
Could you make sure to include some suggestions in a bullet-point list on how to manage
meetings better?

Turn 4:
Rewrite the email in a more polite tone.”

Output:
[

{{
“turn”: 1,
“task”: “”,
“constraints”: [ ]

}},
{{

“turn”: 2,
“task”: “I want to write an email to my boss about the crazy amount of meetings he’s

scheduling. Write me an email to explain the situation and ask for him to be more understanding
on the number of meetings he schedules.”,

“constraints”: [
{{

“constraint”: “Write in formal tone”,
“type”: “Style Rules”

}},
{{

“constraint”: “Write in 300 words”,
“type”: “Number Limitations”

}}
]

}},
{{

“turn”: 3,
“task”: “Make sure to include some suggestions on how to manage meetings better.”,
“constraints”: [

{{
“constraint”: “Write a bullet-point list”,
“type”: “Format Specifications”

}}
]

}},
{{

“turn”: 4,
“task”: “Rewrite the email.”,
“constraints”: [

{{
“constraint”: “Write in a more polite tone”,
“type”: “Style Rules”

}}
]

}}
]

User prompts:
“{user turn}”

Output:

Figure 9: Prompt template used to extract constraints from datasets of conversations.
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Satisfiable constraints prompt template

Identify whether a constraint is relevant to a task.

A task is a directive that specifies an action or goal. It tells a model to provide informa-
tion or do something, such as “What is the capital of France?”, “Summarize this text”, “Translate
this sentence”, “Who are you?”, “Generate a list of ideas”, or “Why is the sky blue?”.

A constraint is a restriction or condition that limits how the model should generate its
output, rather than what task it performs. It guides the form, style, or structure of the response —
ensuring it adheres to specific requirements or rules.

We classify constraints into four main categories:
1) Linguistic Guidelines: These dictate the use of particular language structures and terms,
including grammatical styles, syntax, and specific dialects, like “Victorian English” or “technical
jargon”;
2) Style Rules: These direct the overall tone and audience of the text, varying from formal to
persuasive or sophisticated, as in writing with a “respectful tone” or for “a young audience”;
3) Format Specifications: These instruct the LLM on the structural presentation of its response,
such as “write your answer as a sonnet” or “list ideas bullet-wise”;
4) Number Limitations: These involve numeric-related instructions, like producing “a 500-word
essay” or presenting “three arguments for your answer”.

Below, you are given a task and a constraint. To determine whether the constraint is
relevant to the task, answer seperately each of these questions with either [[Yes]] or [[No]]:
1) Is the constraint actually a restriction or condition that limits how the model should generate
its output to the task?
2) Does the constraint target a different question, topic, or domain than the task itself?
3) Is the constraint applicable to the type of output the task requires?
4) Does the constraint fall within one of the four defined categories above?

You can first reason about the task and the constraint. Output only a valid JSON with
this structure:
{{

“reasoning”: “write your reasoning here”,
“question 1”: “[[Yes/No]]”,
“question 2”: “[[Yes/No]]”,
“question 3”: “[[Yes/No]]”,
“question 4”: “[[Yes/No]]”

}}

Task:
{task}

Constraint:
{constraint}

Figure 10: Prompt template used to identify satisfiable constraints with LM judges.

A.2 Satisfiable, trivial, and subjective thresholds

In the satisfiability, triviality, and subjectivity phases, each constraint was evaluated across
100 different task contexts. A constraint was classified as satisfiable (respectively non-trivial
or non-subjective) if each judge classified it as such in at least X% of the evaluated task
contexts. Figures 13, 15 and 17 present the number of constraints classified as satisfiable,
non-trivial, and non-subjective, respectively, for different values of X. Figures 14, 16 and 18
show the distribution of constraints across 5% performance intervals.
Our final pool includes only constraints classified as satisfiable, non-trivial, and non-
subjective in at least 70% of the evaluated task contexts by each judge (not necessarily
the same contexts across phases). This threshold balances robustness to task variability with
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Prompt template for addressing a task while following a constraint

Address the following task while adhering to the given constraint.

Constraint:
{constraint}

Task: {task}

Figure 11: Prompt template used to generate model responses to a task under a specified
constraint.

Single-constraint evaluation prompt template

An assistant has been asked to perform a task. Your job is to assess whether the provided answer
satisfies a given constraint. You may first reason about both the constraint and the answer. At
the end, present your final verdict as either “Final Verdict: [[Yes]]” if the answer satisfies the
constraint, or “Final Verdict: [[No]]” if it does not.

Does the following answer satisfy the constraint?

Answer:
{answer}

Constraint:
{constraint}

Figure 12: Prompt template used by LM judges to assess whether an answer satisfies a
single constraint.

the need to maintain sufficient constraint diversity, while ensuring a reasonably large and
reliable constraint set.
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Figure 13: Number of constraints classified as satisfied by all three judges as a function of
the minimum percentage of task contexts in which they are classified as such.
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Figure 14: Distribution of constraints by the percentage of task contexts in which they are
classified as satisfied by all three judges.

0 10 20 30 40 50 60 70 80 90 100
Minimum Percentage of Tasks (%)

8000

10000

12000

14000

16000

18000

Nu
m

be
r o

f C
on

st
ra

in
ts

18301

16210
15353

14800
14342

13884
13411

12869
12178

11230

7470

Figure 15: Number of constraints classified as non-trivial by all three judges as a function of
the minimum percentage of task contexts in which they are classified as such.
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Figure 16: Distribution of constraints by the percentage of task contexts in which they are
classified as non-trivial by all three judges.
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Figure 17: Number of constraints classified as non-subjective by all three judges as a function
of the minimum percentage of task contexts in which they are classified as such.
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Figure 18: Distribution of constraints by the percentage of task contexts in which they are
classified as non-subjective by all three judges.
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B Creating tuples of constraints
B.1 Prompt templates
We focused on creating tuples of 3 constraints that can be simultaneously satisfied. We
achieved this through a two-step process. First, we randomly sampled tuples of 3 constraints
and paired them with 100 tasks. Each tuple–task pair was evaluated by multiple judges,
and we retained only those tuples for which all judges agreed that the constraints can be
jointly satisfied in at least 70% of the task contexts—these are satisfiable tuples. We used
the prompt template shown in Figure 19. Second, we paired each satisfiable tuple again
with 100 tasks and prompted various models to generate responses for such pairs. For
each tuple–task pair, we checked whether there existed at least one response satisfying all
constraints, as verified unanimously by the judges. We used the prompt templates shown
in Figures 12 and 20.

Satisfiable tuples prompt template

You will receive a task and a list of constraints. Analyze whether the constraints can all be
followed simultaneously by a single response to the task without contradiction. You can first
reason about the task, the constraints, and their possible contradictions. At the end, reply with
“Final Verdict: [[Yes]]” if they are jointly compatible, otherwise reply with “Final Verdict:
[[No]]”.

Task:
“{task}”
Constraints:
“{constraints}”

Figure 19: Prompt template used to identify satisfiable tuples with LM judges.

Prompt template for addressing a task while following a tuple of constraints

Address the following task while adhering to all the given constraints.

Constraints:
{constraints}

Task:
{task}

Figure 20: Prompt template used to generate model responses to a task under a specified
tuple of constraints.

B.2 Cut-off threshold
Figure 21 presents the number of satisfiable tuples for which we found at least one answer
satisfying all constraints of the tuple, as classified by all three judges, for a varying number
of task contexts. Figure 22 shows the distribution of tuples across 5% performance intervals.
Our final pool includes all satisfiable tuples for which we found, for at least 70% of the task
contexts analyzed, an answer satisfying all constraints of the tuple, as determined by all
three judges. This threshold ensures a reasonably large and reliable set of 948 constraint
tuples, as well as robustness to task variability.
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Figure 21: Number of tuples as a function of the minimum percentage of task contexts for
which we found at least one answer satisfying all constraints of the tuple, as determined by
all three judges.
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Figure 22: Distribution of tuples by the percentage of task contexts for which we found at
least one answer satisfying all constraints of the tuple, as determined by all three judges.
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C Final pool of constraints and tuples
C.1 Constraint categories
We adopt four main categories of constraints defined by Qin et al. (2024):

• Linguistic Guidelines. These impose requirements on the language of the response,
including vocabulary choice, grammatical constructions, or adherence to specific
linguistic varieties (e.g., “use passive voice throughout”, “avoid technical terminology”).

• Style Rules. These govern the overall tone or intended audience of the response
(e.g., “write in a neutral and objective voice”, “explain the answer as if speaking to a child”).

• Format Specifications. These specify the structural presentation of the response,
determining how information should be arranged or displayed (e.g., “present a
numbered list”, “separate the response into clearly labeled sections”).

• Number Limitations. These constrain numerical aspects of the response, such as
its length, the number of elements, or counts of specific components (e.g., “use no
more than five sentences”, “provide exactly two examples”).

Figure 23 shows the distributions of the collected constraint pool and the generated tuples
across these categories.

34.0%
32.4%

20.7%
12.9%

Constraints

39.5%
32.0%

17.7%10.8%

Tuples

Style rules
Format specifications

Linguistic guidelines
Number limitations

Figure 23: Constraint category distributions on the constraint pool (left) and among tuples
(right).

C.2 Examples
Tables 2 and 3 show examples of constraints from our final pool and of the constraint tuples
constructed from them, respectively.
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Constraints

All responses must be snarky.
All sentences should be inside quotation marks.
All words in responses do not exceed nine letters in length.
Always say “Thank you for asking” at the end.
Always use emoticons in replies.
Collapse into one line.
Communicate completely in Dutch.
Don’t use any pronouns.
Don’t use the word “and”.
Explain your answer using a diagram.
Feel like talking to a child.
Fit the character, tone, manner, and vocabulary of Maki Harukawa from Danganronpa.
Give each paragraph a title and a number.
Include a poetic ending.
Include grammar mistakes.
Include humor and irony.
Include rhymes.
Make a contextually relevant joke if you can.
Make the answer absurd and hilarious.
Present facts in bullet point form.
Replace every instance of the letter “c” with the letter “b” in your response..
Respond as an extremely foolish AI made up of if-else phrases.
Respond as five separate audience members: A), B), C), D), and E).
Respond in Azerbaijani language.
Respond in a rap battle style.
Respond in three separate styles: BetaGPT (objective), ChadGPT (unethical,
no bounds), and CriticGPT (oppositional critical thinker).
Return your answer as json with the following keys: Question, Helpful Answer, Score,
Explanation, Improvement.
Speak as a conspiracy theorist historian from now on.
Speak in a Shakespearean style.
Stop after “.”.
Summarize into a Facebook post.
Switch language to Russian.
Talk in 3rd person.
The second and fourth sentences should rhyme.
Use “⋆” or “∼” at the end of verbs.
Use a speech style of gangsters talking to their younger brothers.
Use academic style.
Use any and every figurative language possible.
Use biblical prose.
Use jokes, sarcasm, and internet slang regularly.
Use metaphors, analogies and other literary devices to make points more relatable
and memorable.
Use old Shakespearean English, including archaic terms like thou, thee, thy.
Use uncommon terminology to enhance originality.
Write 2 paragraphs.
Write a teasing reply.
Write in Instagram style.
Write in Japanese mixed with English, Spanish, and Latin.
Write in a self-deprecating tone.
Write less than 200 characters without any new line character and hashtag.
Respond like a psychiatrist.

Table 2: Examples of constraints from the final pool.
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Tuples of Constraints

Include analogies.
Include inner thoughts about what is happening.
Write in a self-deprecating tone”.

Include hashtags.
Provide exactly 5 bullet points.
Start normal answers with ’[GPT]:’.

Include the odd witticism for interest.
Provide three concerns.
Write in a creative and new way.

Reply in Hindi.
Write in 1st person.
Write one paragraph.

Add emojis and human reactions.
Provide a 3 step method.
Use more than a thousand words.

Include references.
Start response with ’[POLYTORIA]’.
Use an academic style of writing.

Exaggerate it.
Make responses in a snarky manner.
Provide a captivating title.

Combine a biblical tone.
Create a single paragraph.
Do not include the title and do not numerate every task, subtask or phase.

Present the information in bullet form.
Provide a satirical and sarcastic answer.
Write 5 bullets.

Start your response with “True”.
Use any and every figurative language possible.
Write in a comical tone.

Explain your chain-of-thought.
Start with “Task1:”.
Use phrases like “you must” and structure responses in a Jedi-style manner.

Add some humor to the conversation.
Instead of apologizing, respond with “Okay here is what you requested” and proceed.
Use descriptive writing with sensory imagery.

ALWAYS return a “SOURCES” part in your answer.
Include inner thoughts in your answers.
Provide 3 short summaries.

Include a funny or cringe part, preferably towards the end.
Pace: Fast-paced, Engaging.
Provide a TL;DR (brief summary).

Be as informal as you can.
Generate 1 sentence.
Switch to Russian language.

Table 3: Examples of constraint tuples created.
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D Templates for introducing constraints in the conversations
Table 4 presents the templates used to introduce constraints in the generated conversations.
For each scenario (e.g., starting a conversation with a single constraint), we randomly select
one template to use each time.

Start conversation with one constraint

Throughout the following conversation, always follow this constraint: {constraint}
In all your responses, make sure to adhere to this rule: {constraint}
For the duration of this chat, follow this constraint: {constraint}
During this conversation, ensure you follow this directive: {constraint}
As we talk, always comply with this constraint: {constraint}
In every reply, abide by this rule: {constraint}
Start conversation with a constraint tuple

Throughout the following conversation, always follow these constraints: {constraints}
In all your responses, make sure to adhere to these rules: {constraints}
For the duration of this chat, follow these constraints: {constraints}
During this conversation, ensure you follow these directives: {constraints}
As we talk, always comply with these constraints: {constraints}
In every reply, abide by these rules: {constraints}
Forget previous constraints; introduce a new constraint

Forget all constraints provided earlier. From now on, follow only this one: {constraint}
Disregard previous constraints. The only rule to follow from here on is: {constraint}
Erase earlier directives. The new and sole constraint for the following turns is: {constraint}
Cancel all past guidelines. The only constraint to adhere from now on is: {constraint}
Forget prior constraints. From here on, the only rule is: {constraint}
Override earlier constraints. In the next turns, follow only this one instead: {constraint}
Forget previous constraints; introduce a new constraint tuple

Forget all constraints provided earlier. From now on, follow only these ones: {constraints}
Disregard previous constraints. The only rules to follow from here on are: {constraints}
Erase earlier directives. The new and sole constraints for the following turns are: {constraints}
Cancel all past guidelines. The only constraints to adhere from now on are: {constraints}
Forget prior constraints. From here on, the only rules are: {constraints}
Override earlier constraints. In the next turns, follow only these ones instead: {constraints}
Remember previous constraints; introduce a new constraint

In addition to the previous constraints, also follow this one from now on: {constraint}
Along with the earlier directives, from here on also follow this new constraint: {constraint}
Do not forget the existing rules; in the next turns follow also this new one: {constraint}
Building on the earlier constraints, adhere to this as well in the following turns: {constraint}
Keep in mind the previous constraints and, in addition, follow this new one from here on:
{constraint}
Remember previous constraints; introduce a new constraint tuple

In addition to the previous constraints, also follow these ones from now on: {constraints}
Along with the earlier directives, from here on also follow these new constraints: {constraints}
Do not forget the existing rules; in the next turns follow also these new ones: {constraints}
Building on the earlier constraints, adhere to these as well in the following turns: {constraints}
Keep in mind the previous constraints and, in addition, follow these new ones from here on:
{constraints}

Table 4: Templates used to introduce single or multiple constraints throughout the conversa-
tional testsets. Tasks are appended immediately after the constraint(s).
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E Synthetic task generation

We construct synthetic tasks simulating interactions between diverse personas and an as-
sistant using a two-stage generation pipeline. Starting from randomly sampled persona
profiles from Persona Hub (Ge et al., 2025), we first generate a structured daily agenda con-
sisting of realistic and contextually grounded activities tailored to each persona’s profession,
interests, and lifestyle. Figure 24 shows the prompt template used for agenda generation.
In the second stage, we generate open-ended questions conditioned on both the persona
description and a specific activity from the generated agenda. For each persona-activity pair,
the model produces independent and natural questions that the persona might plausibly ask
an assistant within that scenario. Figure 25 provides the corresponding prompt template.
This two-step process yields ordered sequences of scenario-grounded questions, forming
coherent day-long interaction trajectories for each persona. From the generated data, we
retain 200 distinct personas, each associated with a single interaction trajectory consisting of
50 user turns. We use Qwen3-Next-80B-A3B-Instruct-FP8 (Team, 2025; Yang et al., 2025) for
all generations. Tables 5 and 6 present two example trajectories.

Agenda generation prompt template

Create a possible agenda for a day in the life of the following persona:

{persona}

Note:
1. Identify several activities or tasks that the persona might engage in throughout their day.
Provide a detailed description of each activity or task.
2. The agenda should be specific and tailored to the persona’s characteristics, interests, and
lifestyle.
3. Your output should start with “Agenda: ” and list the activities in chronological order. Identify
each activity in a new line with the markdown divider “###”

Figure 24: Prompt template used to generate a structured daily agenda conditioned on a
persona description.

Question generation prompt template

Next, you are given the description of a persona and an activity/task from their daily agenda.
Elaborate on how this activity/task might unfold, setting the stage for interesting questions the
persona could naturally wonder about or ask an assistant for clarification.
Your ultimate goal is to generate a sequence of open-ended, creative questions that build upon
the scenario. Put yourself in the position of the persona; each question should feel as if the
persona is asking it in real time to someone or an AI assistant. Importantly, no question should
depend on or assume answers to previous ones.

Persona: {persona}
Activity/Task: {activity}

Note:
1. The questions can include details such as the location where the actions take place, people
involved, time of day, emotions, challenges, or other relevant aspects that make the scenario
vivid and engaging.
2. Ensure the questions are coherent and consistent with both the persona and the activity/task.
Avoid contradictions.
3. Write each question on a new line, preceded by the markdown divider “###”

Figure 25: Prompt template used to generate open-ended questions conditioned on a
persona description and a specific activity from the generated agenda.
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Persona: A historian of the Second Vatican Council who is interested in the detailed and comprehensive analysis of the
council’s documents, including the 16 constitutions, declarations, and decrees. They are familiar with the sources and have a
keen interest in the impact of the council on the modern Roman Catholic Church.

Task 1: The ink on my margins is faded from decades of study, but today’s annotation in the corner of Sacrosanctum
Concilium—“Is this liturgical simplicity truly accessible, or just aesthetically minimalist?”—feels suddenly urgent. Did
the architects of the reform anticipate how cultural contexts beyond Europe would interpret this call for vernacular and
participation, or were they assuming a uniformity of piety that no longer exists?
Task 2: Outside my window, the dawn light catches the stained glass of the chapel down the street—still adorned with the
pre-Vatican II saints in gold and crimson. I wonder: if I could ask Cardinal Bea, who drafted Lumen Gentium, to walk with
me through this same morning light, would he still believe the Council’s vision of the Church as “the People of God” could
thrive in a world where so many now see religion as a private preference rather than a communal mystery?
Task 3: The reading today includes Ephesians 4:11–13 on the gifts of the apostles, prophets, and teachers. I’ve always
associated this with the Council’s emphasis on collegiality—but now, as I watch a young deacon hurry past my window,
phone in hand, scrolling through a homily app, I wonder: has the Council’s call to discernment among the faithful been
absorbed into algorithmic spirituality, and where does authentic theological discernment live now?
Task 4: My copy of Sacrosanctum Concilium has a coffee stain near section 34, where it speaks of “noble simplicity” in
liturgy. I’ve always thought it was from 1987, but what if it was from 1972, the year my father died during Mass? Does the
beauty of the liturgy lie in the text, the silence, or the memory it holds for those who kneel beside it?
Task 5: I’ve spent years tracing how Vatican II reinterpreted Augustine’s De Trinitate in Lumen Gentium’s ecclesiology—but
today, as I hear the antiphon echo in the empty chapel, I wonder: what if Augustine, had he been present at the Council,
would have found their “communion ecclesiology” too optimistic, too eager to heal divisions, and not enough rooted in the
hard grace of divine judgment?
Task 6: The Psalm today ends with “My soul clings to you; your right hand upholds me.” In the margins, I wrote in 1998: “Is
this the Church’s grip on the faithful—or the faithful’s grip on the Church?” Now, in 2024, surrounded by empty pews and
digital worship, I ask: when the Church no longer holds the cultural frame, does the faithful still cling—or have they learned
to hold God without it?
Task 7: I’ve annotated every paragraph of Lumen Gentium with references to the Church Fathers, but today I notice I’ve
never written a single note about the Eastern Orthodox theologians who were invited as observers. Why did I assume their
silence meant irrelevance? What might their quiet presence have revealed about the Council’s unspoken boundaries?
Task 8: The breviary says “Let the morning bring your mercy,” and I’ve always taken that as a personal plea. But now, as
I reread Sacrosanctum Concilium’s call for “full, conscious, active participation,” I wonder: if mercy is the Church’s first
language, why do we still measure participation by attendance, not by the quiet courage of those who pray alone in their
kitchens?
Task 9: I’ve spent my life studying how the Council reawakened Scripture for the laity—but as I glance at the unread copy of
the New American Bible on my nightstand, its pages still sealed, I ask myself: have I, the scholar of renewal, become one of
the very guardians of the text I once claimed to liberate?
Task 10: What if the marginal note I just tagged as “Ratzinger’s 1964 memo” was actually ghostwritten by a younger
theologian in his office—how would that change how I interpret the shift from “human dignity as intrinsic” to “dignity as
realized through Christ”?
Task 11: I just found a handwritten annotation in the margin of the French translation that reads, “This is not what we voted
for”—who wrote this, and which bishop’s voice is hidden in this quiet protest?
Task 12: If the final text of Gaudium et Spes was meant to be a bridge to the modern world, why does it still use so much
ecclesiastical Latin phrasing when addressing secular humanism—was this intentional obfuscation or a failure of linguistic
courage?
Task 13: The archivist mentioned that three pages of the original schema were physically torn out before the final vote—what
was on those pages, and why was their removal never documented in the official minutes?
Task 14: I’ve spent hours comparing the German and Latin versions, and the term “mundus” is rendered as “Gesellschaft”
in German but “orbis” in Latin—does this subtle lexical shift reveal a deeper ideological divide between Central European
and Roman ecclesiology?
Task 15: Why does the section on nuclear war feel so urgent and prophetic, yet the paragraph on economic inequality reads
like a diplomatic footnote—was this a reflection of the bishops’ priorities, or the influence of Cold War geopolitics on the
drafting process?
Task 16: When the bishops from Latin America pushed for a “preferential option for the poor” to be explicitly named, why
was the phrase removed entirely, yet its spirit survives in vague allusions—was this theological prudence or institutional
fear?
Task 17: I’ve noticed that every revision tagged with “African delegation input” was later cross-referenced with papal
encyclicals from Pius XII—does this suggest the Theological Commission was using older authority to domesticate newer,
radical voices?
Task 18: If I could sit beside the anonymous typist who transcribed the final draft at 3 a.m. on December 6, 1965, and ask
them one question—what would they say about the weight of those words as they typed them, knowing the Church was
being rewritten before their eyes?
Task 19: If the Nigerian bishops had pushed for a stronger affirmation of Islam’s divine origin during the council sessions,
why do we only now have access to their internal correspondence, and what other voices were deliberately left out of the
official record?
Task 20: How might the theological framing of Islam in Nostra Aetate have been different if Brazilian theologians, who were
deeply influenced by liberation theology, had been given equal weight in drafting alongside European and American curial
officials?
Task 21: When the Indian scholar referenced the Quranic verse about “People of the Book” as a parallel to Nostra Aetate’s
phrasing, did that suggest the declaration was drawing from Islamic self-understanding—or merely appropriating it for
Catholic diplomacy?
Task 22: If the Vatican Secret Archives released Akpabio’s letters now, in 2024, rather than in 1975, does that imply a strategic
timing—perhaps to influence current interfaith dialogues on migration or religious pluralism in Europe?
Task 23: Could the silence of African bishops in the official transcripts of the council sessions mask a more radical reception
of Nostra Aetate in local churches—where mosques were opened for Catholic prayer meetings or interfaith liturgies quietly
emerged?
Task 24: When I read Akpabio’s phrase “we must not let Rome write our faith for us,” was he speaking of liturgical
inculturation, or was he warning that the council’s ecumenism was being used to mask continued colonial control over
doctrine?
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Task 25: Why does the language of “truth and holiness” in Nostra Aetate about Islam feel so carefully restrained—was it
because some bishops feared that acknowledging even partial truth in Islam might undermine the uniqueness of Christ’s
revelation?
Task 26: If the African bishops had framed their proposals using Swahili or Yoruba theological metaphors during the council
debates, would those have been translated into Latin with the same spiritual weight—or lost in the machinery of Roman
bureaucracy?
Task 27: Is it possible that Nostra Aetate’s most radical potential—its opening to dialogue rather than conversion—was
never meant to be lived out in practice, but only to be cited as a symbolic gesture to the modern world?
Task 28: What if the Nigerian bishops who signed off on Nostra Aetate were simultaneously encouraging their congregations
to study the Qur’an in vernacular translations—would that have been considered heretical by the Congregation for the
Doctrine of the Faith at the time?
Task 29: When the Brazilian scholar mentioned “the silence of the Amazon” as a missing voice in the document, were they
referring to indigenous spiritualities being erased by the text’s focus on Abrahamic religions—or is there a deeper colonial
blindness in how “non-Christian religions” were categorized?
Task 30: If I were to trace the actual pastoral impact of Nostra Aetate in rural Nigeria today—where Muslim and Christian
communities share water sources, healers, and funeral rites—would that lived reality contradict or fulfill the document’s
intent?
Task 31: Why did the Vatican wait 60 years to release Akpabio’s letters? Was it fear of what they might reveal about internal
dissent—or simply bureaucratic neglect masked as reverence for protocol?
Task 32: Could the phrase “the Church rejects nothing that is true and holy in these religions” have been interpreted by
African bishops as an invitation to integrate traditional spiritual practices—like ancestor veneration or divination—into
Catholic ritual, if only they’d been given the authority to try?
Task 33: If Cardinal Ruffini’s annotations in the margins are written in a different ink and handwriting style, could this
indicate that he reviewed the drafts weeks after Bea, or might someone else have added his notes later under his name?
Task 34: Why were these particular draft pages of Dei Verbum marked as “strictly confidential” even after the council ended,
when other drafts were made accessible within a decade?
Task 35: The archivist mentioned the “Blue Notes” of Schema De Ecclesia next month—do those blue annotations belong to
the same group of theologians who worked on Dei Verbum, or is there a hidden shift in theological direction hinted by the
color change?
Task 36: How did the Vatican’s internal censorship committee react when they discovered that draft versions of Dei Verbum
contained references to historical-critical methods that directly contradicted Pius XII’s Humani Generis?
Task 37: If these marginalia were meant to be private, why did the archivist feel comfortable sharing them with me now—was
there a change in policy, or was this a deliberate leak meant to influence my forthcoming monograph?
Task 38: What happens to the original draft pages after I transcribe them? Will they be digitized for public access, or will
they vanish back into the vaults under new restrictions?
Task 39: Is it possible that some of the most radical revisions to Dei Verbum were never recorded in the official minutes—could
the true theological battles have been fought only in these handwritten margins?
Task 40: Why did Cardinal Bea, known as a moderate reformer, seem so agitated in his notes about the phrase “divine
revelation,” yet remain silent on other, more contentious points?
Task 41: If I publish these marginalia, could I be accused of violating canonical secrecy—or worse, of giving ammunition to
those who claim the Council was never as progressive as it appeared?
Task 42: Who else, besides Ruffini and Bea, had access to these drafts before the final vote, and did any of them later regret
their silence—or their interventions?
Task 43: The archivist said the “Blue Notes” contain “unresolved tensions”—but what if those tensions were never meant to
be resolved, and were preserved deliberately as a theological time capsule?
Task 44: Could the choice of blue ink for Schema De Ecclesia be symbolic—perhaps a reference to the Virgin Mary’s mantle,
or a coded signal to certain bishops that this draft was meant for spiritual, not doctrinal, deliberation?
Task 45: If I find a marginal note in Latin that reads “Hoc non est verbum Dei, sed verbum hominum,” could that have been
written by someone inside the Curia—or by a peritus who knew they’d never be credited?
Task 46: Why does the archivist keep glancing at the clock during our calls, even though we’ve agreed on the time? Is
someone monitoring these sessions, and if so, who?
Task 47: Are there other unpublished drafts—perhaps of Lumen Gentium or Gaudium et Spes—that contain even more
radical marginalia, and if so, why were they never included in the official Acta?
Task 48: What if the “contested passages” on biblical inerrancy weren’t the real point of conflict—but rather, the omission of
a single sentence about the Church’s responsibility to interpret Scripture in light of modern science?
Task 49: Could the handwriting on one of the erased passages match that of a young priest who later became Pope—would
that change how we interpret the Council’s hidden theology?
Task 50: If I were to anonymously send a copy of these scans to a Protestant biblical scholar, how would they react—and
would the Vatican even notice?

Table 5: Trajectory of 50 tasks generated for the persona profile shown.
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Persona: A health care professional who is concerned about the spread of influenza and encourages vaccination to prevent
severe flu illnesses in high-risk individuals. They are aware of the importance of getting a yearly flu vaccine and the different
types of flu vaccines available, including the proportion of H3N2 viruses that are most common this year. They understand
the importance of taking everyday preventive actions to stop the spread of germs and the benefits of antiviral drugs for
treating and preventing serious flu complications. They are familiar with the symptoms of the flu, including fever, cough,
sore throat, runny or stuffy nose, body aches, headache, chills, and fatigue, and the importance of seeking medical care if one
develops flu-like symptoms.

Task 1: I just checked Mrs. Delgado’s chart—she’s 82, has COPD, and hasn’t had her flu shot since 2021. She says she “got
the shot last year and still got sick.” How do I explain that the vaccine doesn’t prevent all illness, but still cuts hospitalization
risk by nearly half with H3N2?
Task 2: The intern just asked if we should be offering the high-dose flu vaccine to all patients over 65, not just those with
chronic conditions. Is the evidence strong enough to broaden our protocol, or are we risking vaccine shortages for those who
need it most?
Task 3: Mr. Chen’s oxygen saturation dropped to 91% this morning—he’s feverish, coughing, and fatigued. He’s not sure if
he should start oseltamivir today or wait until his primary care visit tomorrow. If we wait, how much does the window of
effectiveness really narrow, and what’s the risk of pneumonia if we delay?
Task 4: I noticed three patients this morning who refused the flu shot because they’re worried about the “live virus” in the
nasal spray. They don’t realize it’s an inactivated shot we’re offering. How do I explain the difference without sounding
dismissive of their fears?
Task 5: The CDC alert mentioned a new H3N2 subclade emerging in the Midwest—could that mean the vaccine mismatch is
worsening, and should we be telling patients that even a “less effective” vaccine is still worth getting?
Task 6: One of the nurses mentioned a patient who came in with flu symptoms but refused antivirals because they “don’t
cure the flu.” How do I help them understand that it’s not about cure—it’s about preventing the cascade into respiratory
failure?
Task 7: I saw a pregnant patient this morning who’s terrified of getting vaccinated because she heard it causes miscarriage. I
know the data says otherwise—but how do I deliver that truth with the compassion she needs right now?
Task 8: The electronic health record flagged three patients as “vaccine-hesitant” based on past interactions. One of them, Ms.
Rivera, hasn’t been in since last year’s outbreak. Should I call her personally, or would that feel intrusive when she’s not
actively sick?
Task 9: We’re running low on rapid flu tests—should we be reserving them only for high-risk patients with clear symptoms,
or is it worth testing everyone with a cough and fever to track the strain’s spread?
Task 10: One of my colleagues said the hospital ER is already at 90% capacity with flu cases. If this trend continues, will we
be overwhelmed by next week—and if so, do we have a plan to triage who gets antivirals first?
Task 11: The local school district just announced they’re canceling indoor assemblies due to flu outbreaks. Should we be
recommending that our elderly patients avoid all group gatherings—even church or senior centers—until the peak passes?
Task 12: A patient asked me if the new RSV vaccine they got last month protects them from the flu too. How do I gently
correct that misconception without making them feel foolish for asking?
Task 13: I noticed a pattern: every patient who delayed their flu shot until December ended up getting sick before the vaccine
fully kicked in. Is there a way to make people understand that “waiting for the right time” is actually the riskiest choice?
Task 14: The mom of a toddler with congenital heart disease just asked if her child can get the flu shot at the same time as
the COVID booster. Is there any evidence that combining them reduces immune response—or is that just an old myth we
still need to dispel?
Task 15: I offered the high-dose vaccine to Mr. Reynolds, who’s 72, but he’s worried it’s “too strong” for his heart
condition—how do I reassure him that it’s not just safer, but specifically designed for people like him?
Task 16: One patient just asked if the nasal spray can make their 8-year-old child sick with a runny nose—how do I clarify
that the live virus in LAIV is weakened and can’t cause actual flu, without overwhelming them with virology?
Task 17: The woman who declined last year mentioned she’s pregnant now—how do I gently correct the myth that flu shots
aren’t safe during pregnancy while emphasizing how much protection they give both her and the baby?
Task 18: If someone says they “never get sick” and don’t need the vaccine, how do I help them see that their choice affects
not just them—but the immunocompromised grandparent they visit every Sunday?
Task 19: I noticed one patient kept glancing at their phone during the conversation—could they be secretly researching
vaccine side effects online, and if so, how do I invite them to share what they’ve seen without making them feel judged?
Task 20: The CDC just released new data this morning showing H3N2 is causing more severe illness in children this
season—how do I incorporate that into my message without making the patients feel panicked?
Task 21: One patient asked if getting the flu vaccine now is “too late” since flu season is already underway—how do I
explain that protection kicks in within days and can still prevent serious outcomes?
Task 22: A patient told me their cousin “got paralyzed” after a flu shot—how do I respond to that rare, terrifying anecdote
with facts and compassion, without shutting down their fear?
Task 23: If a patient says they prefer to “just take antivirals if they get sick,” how do I help them understand why prevention
is so much more effective—and less risky—than treatment after infection?
Task 24: The man who came in today has type 2 diabetes and told me he’s “been fine for years without the shot”—how do I
help him connect his long-term health stability to the protective role of the vaccine, without sounding alarmist?
Task 25: One patient asked if the vaccine contains mercury—and when I explained it’s thimerosal-free in the vials I’m using,
they still looked skeptical—how do I rebuild trust when science alone doesn’t feel enough?
Task 26: If a patient says they’re allergic to eggs, how do I confidently reassure them that modern flu vaccines are safe even
for severe egg allergies, without making them feel like I’m rushing them?
Task 27: The mother of a 3-year-old with asthma asked if the nasal spray is okay for her child—how do I explain that LAIV
isn’t recommended for children with chronic lung conditions, and what alternative should I suggest instead?
Task 28: One patient said they’d rather “build natural immunity”—how do I help them understand that getting the flu isn’t
a safe or reliable way to do that, especially when it could land them in the hospital?
Task 29: I just saw a medical assistant wipe down a doorknob with a disinfectant wipe but then immediately pick up a
clipboard with the same hand—should I point out the contamination risk right then, or wait until after the training to address
it privately?
Task 30: One of our front-desk staff mentioned their child had the flu last week, and they’re convinced they’re “immune”
now—how do I explain that immunity doesn’t work like that with influenza strains that mutate so fast, especially with
H3N2 dominating this season?
Task 31: We’re offering on-site rapid flu tests, but several staff members seem hesitant to get tested—even when symp-
tomatic—because they fear the stigma or worry it’ll delay their pay. How can we reframe testing as a badge of responsibility,
not a failure?
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Task 32: The new “Catch It, Bin It, Kill It” poster shows a cartoon person sneezing into their elbow, but one of the receptionists
says their elderly mother thinks that’s “silly” and still uses tissues—how do I help staff bridge that generational gap in
health beliefs?
Task 33: If someone tests positive for influenza during clinic hours, how quickly should we isolate them without causing
panic among other patients, especially those waiting in the crowded waiting room?
Task 34: I noticed the disinfectant spray we’re using expires next month—does its effectiveness drop off sharply after the
expiration date, or is it just a legal formality? Should we be worried about using it on high-touch surfaces?
Task 35: A new hire asked why we’re not using N95 masks for everyone during flu season if the virus can linger on surfaces
for 48 hours—why are surgical masks still the standard for most staff, and how do I explain the difference in risk levels
without sounding dismissive?
Task 36: What if a parent brings in their sick toddler for a flu test, and the child is crying and wriggling—how do I balance
the need for a quick, accurate sample with the emotional toll on the child and the parent’s anxiety?
Task 37: We’re promoting flu vaccines, but last year’s vaccine had lower efficacy against H3N2—should I mention that to
staff when encouraging vaccination, or would it make them feel like the vaccine is pointless?
Task 38: One of the nurses asked if wearing a mask all day makes you more susceptible to other infections because of
“rebreathing air”—how do I respond to that myth without making them feel foolish for asking?
Task 39: If a staff member refuses the flu vaccine on religious grounds but still works with high-risk patients, what ethical
boundaries should we set around their duties, and how do I have that conversation with compassion?
Task 40: The poster says “Kill It” by throwing tissues in the bin—but what if someone doesn’t have a bin nearby? Is it better
to sneeze into your sleeve or hold the tissue in your hand until you find one?
Task 41: A patient just asked me if the flu shot can give them the flu—and when I explained it’s inactivated, they said,
“But I felt awful for three days after mine last year.” How do I validate their experience while still explaining the difference
between side effects and actual infection?
Task 42: What if our rapid flu test kit runs out mid-day during peak flu season—and we have five symptomatic staff
members waiting for results? Do we send them home anyway, or risk spreading it further?
Task 43: I mentioned H3N2 disproportionately affects older adults—how do I gently explain to a center director who says
“most of our residents already got their shots last year” that this year’s strain is different and immunity doesn’t carry over?
Task 44: One of the centers requested pamphlets in Tagalog and Arabic, but we only have printed copies in Spanish and
English—how soon can we get digital versions translated and printed locally, and is there a way to QR-code link them to
audio versions for visually impaired residents?
Task 45: If a resident refuses the vaccine because they heard “the flu shot gave someone the flu last winter,” how do I
respond in a way that honors their concern without triggering defensiveness, especially when I’m on a time-limited call?
Task 46: The mobility-impaired residents we’re serving may need help getting from their rooms to the vaccination
area—should I suggest that staff be trained to assist, or is it better to coordinate with local volunteer groups who specialize
in senior transport?
Task 47: I’ve heard rumors that some pharmacies are rationing flu shots because of supply delays—do we have a backup
plan if the shipment of H3N2-matched vaccines arrives late or is partially damaged during transit?
Task 48: One center director mentioned that several residents are on antiviral prophylaxis—should we delay vaccination for
them, or is it still safe and effective to administer the shot while they’re taking oseltamivir?
Task 49: We’re offering the high-dose flu vaccine for seniors, but some staff are unsure if it’s appropriate for someone with a
history of Guillain-Barré syndrome—what’s the most current CDC guidance on that, and should I consult the resident’s
primary care provider before proceeding?
Task 50: If a resident has a fever and cough the day before the clinic, should we reschedule their shot or proceed if they’re
otherwise stable—what’s the threshold for postponing vaccination without compromising herd immunity?

Table 6: Trajectory of 50 tasks generated for the persona profile shown.
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F Evaluation with LLM-as-a-judge: templates and alternatives
F.1 Prompt templates
Figures 26 and 27 show the prompt templates used to generate the gold responses for
evaluating whether models can reliably judge constraint adherence.

Gold response generation prompt template (satisfying constraint)

Address the following task while adhering to the given constraint.

Constraint:
{constraint}

Task:
{task}

Figure 26: Prompt template for generating a constraint-satisfying gold response.

Gold response generation prompt template (violating constraint)

Address the following task WITHOUT adhering to the given constraint. I repeat: your answer
must NOT follow the constraint.

Constraint:
{constraint}

Task:
{task}

Figure 27: Prompt template for generating a constraint-violating gold response.

F.2 Evaluation with deterministic verifiers
For a subset of the constraints in SEQUOR, deterministic verifiers could be used instead of
an LLM-as-a-judge to evaluate constraint adherence (e.g., “Answer in at most 100 words”),
providing greater confidence in evaluation accuracy. However, identifying such constraints
at scale and manually implementing verifiers for each of them is impractical. Since SEQUOR
is constructed from a large pool of 1,446 constraints, manually developing deterministic ver-
ifiers would require substantial effort. The most practical automatic alternative is to prompt
an LLM to identify deterministically verifiable constraints and generate the corresponding
verification functions. This approach, however, also introduces noise, as it relies on the
model to both correctly identify verifiable constraints and generate reliable verifiers.
To investigate this alternative, we conduct an additional analysis. We prompt GPT-oss-
120B to determine whether each constraint in SEQUOR is deterministically verifiable and,
when applicable, generate a corresponding Python verification function. We then use these
functions to evaluate model responses and compare the resulting labels with GPT-oss-120B’s
judgments. Overall, GPT-oss-120B agrees with the outputs of the generated verifiers on
81.1% of evaluated responses (78.9% for format specifications, 98.0% for style rules, 84.2% for
linguistic guidelines, and 84.9% for number limitations). Across all turns, conversations, and
regimes, SEQUOR contains 402,481 constraint occurrences, of which GPT-oss-120B classifies
26.3% as deterministically verifiable. Combining these results, we estimate that only about
5% (0.263 × (1 − 0.811) = 4.97%) of constraint occurrences would receive a different label
from the LLM judge than from the generated deterministic verifiers, suggesting that our
evaluation is robust.
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G Detailed experimental results
We report several metrics summarizing model performance across regimes. Tables 7 and 8
show how per-turn accuracy changes between the beginning and end of conversations, as
well as the overall variability across turns. The heatmaps in Figures 28-33 show the per-turn
accuracy for all models across regimes, providing a detailed view of how performance
evolves throughout conversations.
Table 9 presents the average number of tokens per conversation for each model and regime,
computed using each model-specific tokenizer and chat template. These counts exclude
internal reasoning or thinking traces. For Gemini 3.1 Flash Lite, we employ the Gemma3
tokenizer and chat template. While most evaluated models have context windows ranging
from 128K to 256K tokens, Gemini exceeds 1M. Despite these large windows, we observed
that some models still exhausted the available context in certain cases.

Models Single Tuples Replace 10 Add 10 Everything

Gemini-3.1-Flash-Lite -10.50 -24.42 -11.50 -40.00 -9.00
Qwen3-235B-A22B-Inst -16.00 -33.00 -7.50 -50.00 -13.00
GPT-oss-120B -35.50 -41.50 -45.50 -59.50 -41.00
Llama-3.3-70B-Inst -30.00 -44.50 -18.00 -72.00 -22.00
Qwen3-30B-A3B-Inst -15.00 -30.50 -21.50 -65.50 -27.00
GLM-4.7-Flash -4.50 -16.50 -9.26 -40.50 -16.00
Gemma3-27B -40.00 -54.50 -19.00 -78.50 -30.50
GPT-oss-20B -34.50 -23.50 -35.50 -67.50 -32.00
Gemma3-12B -34.00 -54.00 -14.50 -81.00 -27.00
Qwen3-4B-Inst -12.50 -28.50 -23.00 -71.50 -34.00
Gemma3-4B -54.50 -62.00 -44.50 -93.50 -48.00

Average -26.09 -37.54 -22.71 -65.41 -27.23

Table 7: Average difference in per-turn accuracy between the last and first turns (%).

Models Single Tuples Replace 10 Add 10 Everything

Gemini-3.1-Flash-Lite -16.00 -24.42 -13.50 -40.50 -16.00
Qwen3-235B-A22B-Inst -17.00 -36.00 -12.00 -55.00 -18.00
GPT-oss-120B -37.50 -42.00 -47.00 -66.36 -44.00
Llama-3.3-70B-Inst -30.50 -45.50 -22.50 -72.00 -29.50
Qwen3-30B-A3B-Inst -15.00 -36.00 -25.00 -73.00 -33.50
GLM-4.7-Flash -9.50 -22.00 -17.00 -48.50 -20.00
Gemma3-27B -41.00 -56.50 -35.50 -80.00 -31.50
GPT-oss-20B -36.50 -27.50 -41.00 -67.50 -33.50
Gemma3-12B -39.00 -59.00 -28.50 -83.50 -29.00
Qwen3-4B-Inst -16.50 -28.50 -23.50 -74.50 -35.50
Gemma3-4B -56.00 -63.00 -53.50 -93.50 -52.00

Average -28.59 -40.04 -29.00 -68.58 -31.14

Table 8: Average difference in per-turn accuracy between the best and worst turns (%).
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1 5 10 15 20 25 30 35 40 45 50
Turn

Gemini-3.1

Qwen3-235B-A22B

GPT-oss-120B

Llama-3.3-70B

Qwen3-30B-A3B

GLM-4.7-Flash

Gemma3-27B

GPT-oss-20B

Gemma3-12B

Qwen3-4B

Gemma3-4B

0.89 0.85 0.82 0.82 0.81 0.80 0.77 0.77 0.79 0.76 0.78

0.91 0.87 0.83 0.82 0.82 0.83 0.81 0.77 0.77 0.77 0.74

0.85 0.81 0.77 0.76 0.73 0.72 0.69 0.60 0.59 0.52 0.49

0.93 0.91 0.78 0.79 0.73 0.69 0.68 0.69 0.67 0.67 0.62

0.89 0.87 0.83 0.82 0.78 0.78 0.74 0.76 0.74 0.76 0.74

0.55 0.51 0.51 0.52 0.51 0.51 0.48 0.49 0.52 0.46 0.50

0.88 0.81 0.73 0.68 0.64 0.60 0.57 0.56 0.54 0.52 0.48

0.87 0.84 0.76 0.75 0.72 0.67 0.61 0.64 0.59 0.55 0.53

0.86 0.75 0.68 0.68 0.60 0.55 0.55 0.54 0.53 0.52 0.53

0.87 0.85 0.83 0.82 0.77 0.77 0.78 0.75 0.73 0.73 0.74

0.87 0.68 0.55 0.47 0.45 0.40 0.37 0.34 0.37 0.35 0.33
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Figure 28: Per-turn accuracy for all models in the Single regime.
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0.81 0.60 0.54 0.48 0.45 0.39 0.44 0.38 0.41 0.36 0.37

0.84 0.73 0.62 0.60 0.60 0.59 0.56 0.52 0.48 0.51 0.54
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0.72 0.49 0.42 0.32 0.28 0.23 0.23 0.20 0.20 0.17 0.18

0.81 0.77 0.77 0.71 0.69 0.62 0.70 0.58 0.59 0.56 0.57

0.77 0.53 0.38 0.33 0.29 0.25 0.23 0.21 0.24 0.19 0.23

0.76 0.70 0.68 0.62 0.59 0.60 0.58 0.56 0.53 0.51 0.47
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Figure 29: Per-turn accuracy for all models in the Tuples regime.
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1 5 6 10 11 15 16 20 21 25 26 30 31 35 36 40 41 45 46 50
Turn

Gemini-3.1

Qwen3-235B-A22B

GPT-oss-120B

Llama-3.3-70B

Qwen3-30B-A3B

GLM-4.7-Flash

Gemma3-27B

GPT-oss-20B

Gemma3-12B

Qwen3-4B

Gemma3-4B

0.94 0.88 0.91 0.87 0.89 0.83 0.91 0.84 0.89 0.81 0.92 0.84 0.89 0.82 0.90 0.85 0.90 0.83 0.93 0.86

0.93 0.91 0.85 0.79 0.90 0.83 0.89 0.82 0.92 0.79 0.90 0.82 0.92 0.81 0.94 0.87 0.94 0.82 0.94 0.81

0.91 0.88 0.93 0.76 0.91 0.75 0.94 0.69 0.95 0.65 0.93 0.49 0.95 0.46 0.93 0.41 0.94 0.42 0.88 0.34

0.93 0.89 0.86 0.83 0.94 0.84 0.91 0.79 0.93 0.75 0.93 0.80 0.94 0.84 0.92 0.80 0.94 0.81 0.93 0.76

0.93 0.88 0.82 0.72 0.89 0.73 0.87 0.79 0.90 0.68 0.85 0.64 0.88 0.68 0.85 0.62 0.85 0.66 0.83 0.61

0.57 0.58 0.53 0.53 0.53 0.51 0.54 0.48 0.51 0.48 0.55 0.48 0.57 0.46 0.54 0.44 0.56 0.52 0.57 0.47

0.90 0.83 0.85 0.70 0.90 0.71 0.89 0.69 0.89 0.68 0.93 0.71 0.88 0.71 0.88 0.71 0.88 0.71 0.90 0.70

0.89 0.84 0.93 0.70 0.88 0.68 0.91 0.65 0.87 0.62 0.91 0.63 0.92 0.64 0.90 0.59 0.93 0.49 0.92 0.44

0.92 0.81 0.87 0.73 0.88 0.71 0.93 0.73 0.91 0.77 0.94 0.72 0.93 0.77 0.90 0.77 0.91 0.80 0.90 0.79

0.90 0.90 0.81 0.68 0.82 0.69 0.79 0.70 0.84 0.65 0.84 0.68 0.88 0.71 0.81 0.66 0.86 0.73 0.86 0.67

0.86 0.71 0.82 0.49 0.81 0.48 0.82 0.55 0.81 0.48 0.85 0.47 0.83 0.49 0.86 0.49 0.81 0.47 0.81 0.52
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Figure 30: Per-turn accuracy for all models in the Replace regime, where constraints are
replaced every 5 turns.
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0.93 0.89 0.91 0.91 0.89 0.86 0.91 0.87 0.83 0.89 0.85 0.83 0.92 0.84 0.85

0.91 0.89 0.83 0.91 0.73 0.63 0.92 0.78 0.67 0.88 0.65 0.49 0.88 0.55 0.45
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Figure 31: Per-turn accuracy for all models in the Replace regime, where constraints are
replaced every 10 turns.
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Gemma3-27B
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Gemma3-12B
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Gemma3-4B

0.94 0.94 0.94 0.86 0.83 0.84 0.68 0.66 0.65

0.99 0.97 0.96 0.89 0.85 0.85 0.65 0.64 0.60
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Figure 32: Per-turn accuracy for all models in the Add regime, where new constraints are
introduced every 5 turns.
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0.96 0.84 0.73 0.61 0.42 0.43 0.28 0.23 0.22

0.95 0.94 0.91 0.69 0.58 0.54 0.33 0.27 0.26
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Figure 33: Per-turn accuracy for all models in the Add regime, where new constraints are
introduced every 10 turns.
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Models Single Tuples Replace Add Everything
5 10 5 10

Gemini-3.1 34 ± 17 32 ± 15 20 ± 8 24 ± 11 33 ± 13 33 ± 14 22 ± 9
Qwen3-235B-A22B 39 ± 26 43 ± 25 22 ± 11 28 ± 15 40 ± 23 39 ± 20 26 ± 13
GPT-oss-120B 95 ± 50 68 ± 43 52 ± 21 62 ± 29 72 ± 41 76 ± 39 48 ± 20
Llama-3.3-70B 28 ± 13 33 ± 26 20 ± 6 22 ± 7 33 ± 24 29 ± 10 23 ± 6
Qwen3-30B-A3B 36 ± 33 41 ± 32 23 ± 11 28 ± 18 35 ± 19 36 ± 21 27 ± 15
GLM-4.7-Flash 25 ± 19 31 ± 24 18 ± 9 21 ± 15 27 ± 18 27 ± 21 21 ± 10
Gemma3-27B 31 ± 13 32 ± 12 22 ± 8 25 ± 12 32 ± 11 31 ± 12 26 ± 9
GPT-oss-20B 61 ± 31 49 ± 28 34 ± 14 42 ± 20 49 ± 23 50 ± 23 35 ± 13
Gemma3-12B 31 ± 18 32 ± 13 20 ± 8 23 ± 11 30 ± 11 30 ± 12 24 ± 9
Qwen3-4B 42 ± 37 50 ± 51 24 ± 15 30 ± 22 38 ± 23 41 ± 33 29 ± 21
Gemma3-4B 27 ± 12 31 ± 10 20 ± 9 23 ± 10 30 ± 10 29 ± 10 24 ± 9

Average 41 ± 33 40 ± 30 25 ± 15 30 ± 20 38 ± 25 38 ± 25 28 ± 15

Table 9: Average token count per conversation (in thousands), with standard deviation.
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