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Abstract
Evaluating LLMs’ instruction-following ability
in multi-topic dialogues is essential yet chal-
lenging. Existing benchmarks are limited to
a fixed number of turns, susceptible to satura-
tion and failing to account for users’ interac-
tive experience. In this work, we propose a
novel framework featuring a three-layer track-
ing mechanism and a query synthesis agent to
mimic sequential user behaviors. Grounded
in Flow Theory, we introduce process-centric
metrics and terminate a conversational evalua-
tion only upon exhausting user patience. Lever-
aging this framework, we present EvolIF, an
evolving benchmark covering 12 constraint
groups. Our analysis reveals deficiencies in
failure recovery and fine-grained instruction fol-
lowing, with performance stratification becom-
ing evident as conversational depth increases.
GPT-5 demonstrates the most sustained re-
silience, maintaining a 66.40% stability score,
outperforming Gemini-3-Pro by 5.59%, while
other models lag behind.

1 Introduction

The rapid advancement of Large Language Models
(LLMs) has catalyzed the development of increas-
ingly sophisticated applications, ranging from ex-
tended conversational systems (Rakotonirina et al.,
2025) to autonomous agent frameworks (Hu et al.,
2025). The efficacy of these systems is fundamen-
tally predicated on an LLM’s ability to consistently
adhere to instructions throughout conversations
spanning multiple topics with evolving constraints.
This core capability demands robust long-context
processing and stateful memory management. Con-
sequently, designing evaluation frameworks for
multi-turn instruction following has emerged as
a critical research focus (He et al., 2024b; Kwan
et al., 2024; Li et al., 2025b).

Existing benchmarks suffer from limitations
that impede effective evaluation, as exemplified
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Figure 1: A comparison between Multi-IF and EvolIF.
Each color represents a conversational topic. Increas-
ing color saturation signifies the escalating complexity
of the instructions as the conversation evolves. User
patience functions as a threshold that sustains high-
performing dialogues but terminates the session when
depleted by repeated errors.

in Fig. 1. First, they fail to capture the interaction
dynamics (Hao et al., 2024; Zhang et al., 2025a)
and extended duration typical of real-wolrd sce-
narios. As shown in Table 1, most benchmarks
are restricted to a short interaction window, pre-
dominately fewer than 7 turns (Kwan et al., 2024),
and neglect scenarios involving interleaved top-
ics (He et al., 2024b; Fan et al., 2025). Second,
their static nature leads to rapid performance satu-
ration. As LLMs advance, fixed benchmark chal-
lenges are quickly mastered (He et al., 2024b; Bai
et al., 2024). Although some benchmarks offer ad-
justable complexity (Li et al., 2025c), maintaining
challenge levels via continuous sample generation
incurs prohibitive computational costs for model re-
evaluation. Third, current methodologies overlook
the process-centric aspects of user experience. In-
heriting the paradigm from single-turn tasks (Zhou
et al., 2023; Zhang et al., 2025b), these benchmarks
prioritize final-answer accuracy (He et al., 2024b;
Li et al., 2025b; Wang et al., 2025a). They neglect
interaction stability and fail to provide a direct indi-
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Benchmark Avg.#Turns Fine-grained
Constraint

Multi-
Constraint

Topic Transi-
tions

Multi-turn
Assessment

IFEval (Zhou et al., 2023) 1 ✓ ✓ ✗ ✗
ComplexBench (Wen et al., 2024) 1 ✓ ✓ ✗ ✗
Multi-IF (He et al., 2024b) 3 ✓ ✓ ✗ ✓
MT-Eval (Kwan et al., 2024) 6.96 ✗ ✗ ⃝ ✓
MT-Bench-101 (Bai et al., 2024) 3.03 ✗ ✗ ⃝ ✓
Meeseeks (Wang et al., 2025a) 3 ✓ ✓ ✗ ✓
EIFBENCH (Zou et al., 2025) 1 ✓ ✓ ✗ ✗
StructFlowBench (Li et al., 2025b) 4.14 ✓ ✓ ⃝ ✗

EvolIF (ours) +∞ ✓ ✓ ✓ ✓

Table 1: Comparisons between EvolIF and other related benchmarks. ⃝ refers to partially satisfied. Avg.#Turns
means the average number of turns in each dialogue sample. Fine-grained constraint and multi-constraint denotes
the detailed classification of different constraints and whether there exists multiple constraints in a turn. Topic
transitions indicates whether there are multiple topics discussed in a dialogue. Multi-turn assessment checks whether
responses to each turn in a dialogue are evaluated.

cation of the maximum number of turns that LLMs
can maintain high-fidelity instruction following.

To overcome these shortcomings, we propose
an extensible framework for the dynamic gener-
ation and process-centric evaluation of complex
multi-turn dialogues. Our approach decouples user
queries into underlying intentions and surface form.
Intention is tracked via a three-layer mechanism
that simulates dynamic user behaviors, while the
surface form is synthesized by an agent equipped
with an LLM-based generator and rigorous valid-
ity checkers. We move beyond single-turn ac-
curacy to emphasize process-centric experience,
drawing upon the Flow Theory (Csikszentmiha-
lyi and Csikzentmihaly, 1990). We introduce the
notion of patience to model user stickiness to a
conversation, where consecutive frustrations lead
to a dialogue termination. And we define a suite of
process-centric metrics to quantify user experience
such as endurance and stability.

Leveraging this framework, we introduce EvolIF,
a benchmark grounded on 541 topics, 12 groups
of commonly-adopted constraint groups and 500
diverse user styles. Through an evaluation of 10
leading LLMs, we observe a distinct performance
stratification. GPT-5 and Gemini-3-Pro establish
a commanding lead, whose process-centric scores
are nearly double or triple of open-source models.
LLMs share a common and steepest performance
drop at around turn 5 and 12, revealing critical
bottlenecks in their ability to manage accumulated
constraints and complex state transitions.

The contributions of this paper are:

• We propose an extensible framework for dy-
namically generating multi-turn evaluation

datasets that resist saturation.

• We introduce EvolIF to assess the limits
of LLMs’ long-context management and
instruction-following abilities.

• We analyze state-of-the-art LLMs, offering
insights into their robustness in prolonged di-
alogues and identifying critical limitations to
guide future optimization.

2 Related Work

2.1 Multi-turn Dialogue Benchmarks
Existing work for benchmarking LLMs in multi-
turn dialogues can be categorized as follows:

First, script-based evaluations (Li et al., 2025b;
Deshpande et al., 2025; Jia et al., 2025) utilize static
conversational logs, derived either from human-
bot interactions or simulated histories, to assess a
model’s response to the final user query. While this
approach ensures controlled and consistent LLM
comparison, it fails to capture the interactive nature
of dialogue, where a model’s prior responses fun-
damentally influence the conversational trajectory.

Second, a line of work employs pre-defined tem-
plates (Zheng et al., 2023; Fan et al., 2025; Han,
2025). This approach is labor-intensive, requir-
ing significant human effort to design fixed user
query sequences. Consequently, these benchmarks
face scalability limitations regarding conversational
depth and are susceptible to saturation as models
become overly optimized to the test set over time.

Third, researchers have explored using LLMs
as user simulators (Zhu et al., 2024; Sekulic et al.,
2024) and evaluation methods based on conversa-
tions between LLMs (Duan et al., 2024; Zhao et al.,
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2025). Nevertheless, such interactions are prone
to uncontrolled divergence and exhibit inherent bi-
ases, such as family bias (Wataoka et al., 2025).

In contrast, our framework integrates the struc-
tural rigor of pre-defined evaluations with the lin-
guistic richness of LLM-based synthesizers, en-
abling dynamic generation of continuous dialogue
turns while significantly reducing manual effort.

2.2 Instruction Following Benchmarks

Research on instruction following is primarily di-
vided into single-turn and multi-turn paradigms.

One line of work assesses models’ capabilities
within increasingly intricate single-turn interaction.
Early benchmarks like CIF (Li et al., 2024b) eval-
uated a single constraint per instruction. Subse-
quent work has evolved to incorporate multiple
constraints (Zhou et al., 2023; Jiang et al., 2024;
Wen et al., 2024; He et al., 2024a) or multiple
tasks (Chen et al., 2024; Zou et al., 2025).

A parallel stream of work benchmarks models’
instruction adherence across multiple turns. Multi-
IF (He et al., 2024b) extends IFEval to 3 turns,
while MultiTurnInstruct (Han, 2025) employs pre-
defined templates for diverse scenarios. Struct-
FlowBench (Li et al., 2025b) leverages 6 structure
types to curate complex dialogue histories. Other
studies focus on specialized abilities, such as self-
correction (Wang et al., 2025a), or domain-specific
tasks like code generation (Wang et al., 2025b).

Our framework offers a more flexible and scal-
able data synthesis process for mitigating saturation
issues inherent in static benchmarks. By integrat-
ing a suite of process-oriented metrics, we offer a
more holistic, multi-faceted performance analysis
that prioritizes the user’s experience.

3 A Benchmark Evolving Framework

3.1 Overview

We propose a novel framework comprises three
integral components: a dynamic data synthesis en-
gine, an adaptive evaluation protocol, and a suite of
process-centric metrics. Crucially, the framework
can be flexibly adapted to diverse domains by sim-
ply preparing seed topics and defining in-domain
constraints, while also seamlessly supporting both
objective and subjective instructions. An overview
of the framework is illustrated in Figure 2.

The dynamic data synthesis engine is designed
to generate consecutive user queries by orches-
trating a three-layer tracking mechanism and a

query synthesis agent. Based on the intuition of
decomposing user queries, this mechanism man-
ages topics, instructions, and constraints separately.
It enables a flexible simulation of user behaviors,
such as instruction refinement, topic switching and
backtracking. The query synthesis agent trans-
forms simulated state and a sampled user style
into a final query. Query validity is ensured by
an iterative verification loop involving an LLM-
based synthesizer and different checkers, with hu-
man oversight as the ultimate gatekeeper. This
dynamic composition enables automated genera-
tion of a continuous stream of queries, significantly
reducing manual effort.

Flow theory (Csikszentmihalyi and Csikzentmi-
haly, 1990) points out that users enter a psycholog-
ical state of immersion which can withstand minor
disruptions but collapses under prolonged failure.
Underpinned by this theory, we employ an adap-
tive evaluation protocol where the length of a
dialogue is contingent on model performance, gov-
erned by a “patience” threshold. High-performing
models face progressively longer and more chal-
lenging threads, while repeated failures will deplete
patience and trigger termination. In this way, our
benchmark remains a persistent challenge for ad-
vanced models, resisting from saturation.

We broaden the evaluation scope from the an-
swer accuracy to a holistic conversational expe-
rience via process-centric metrics. Endurance
quantifies conversational longevity, recovery mea-
sures the model’s resilience in realigning with user
intent after a mistake, and stability evaluates the
consistency of instruction adherence across turns.

3.2 Data Synthesis Engine

We model a user query qt at turn t as a tuple (Ut, δ).
The structured intention Ut is precisely managed by
the three-layer tracking mechanism, providing an
unambiguous ground truth that ensures the validity
of the evaluation. On top of it, the intention Ut is
surfaced into the full query qt by a query synthesis
agent, stochastically generating qt under user style
δ to mimic real users’ diverse linguistic patterns.

3.2.1 Three-layer Tracking Mechanism
To dynamically manage the evolution of the dia-
logue state and simulate the full spectrum of evolv-
ing user intentions, we further decompose Ut into
a hierarchy of three interconnected components:
Topics, Instructions, and Constraints. Each layer
serves a different level of semantic control, collec-
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Figure 2: Overview of the data synthesis engine in the Benchmark Evolving Framework. It consists of a three-layer
tracking mechanism and a query synthesis agent. The former, illustrated in the upper part of the figure, tracks the
dynamic evolution of topics, instructions, and constraints to simulate different user behaviors. The latter generates
and verifies each turn with different user styles to ensure diversity.

tively forming the foundation of our framework.
Topic Layer A topic T ∈ T represents a sub-

ject or event under discussion. It captures the
conversational flow, particularly in longer interac-
tions involving topic switching and interleaved sub-
dialogues (Li et al., 2025a). Our framework main-
tains a history of active topics HT = (T1, T2, ...).

Instruction Layer Each topic T is associated
with an instruction state IT , which encapsulates a
set of atomic constraints {c1, c2, . . . , ck}. Through-
out a dialogue, IT evolves via the addition, dele-
tion, or modification of its constituent constraints,
simulating how a user’s goal shifts over time.

Constraint Layer Constraints C are catego-
rized into m mutually exclusive groups. In other
words, a group Gi contains constraints that can-
not be simultaneously satisfied, defined with the
satisfaction set S(c):

∀ca, cb ∈ Gi with ca ̸= cb, S(ca) ∩ S(cb) = ∅

Consequently, IT is restricted to contain at most
one constraint from any given group Gi, to avoid
creating unachievable requirements:

|IT ∩Gi| ≤ 1, ∀i ∈ {1, . . . ,m}

A conversation script is constructed turn-by-turn
through a stochastic process. At each turn t, the
state transitions from St−1 to St via three steps:

Topic Selection The topic for Tt is determined
by the transition function ϕT operating on HT : ei-

ther continue the current topic (Tt = Tt−1), intro-
duce a new topic (Tt /∈ HT ), or backtrack to a
historical topic (Tt ∈ HT ).

Instruction Evolution Once Tt is selected, its
associated instruction I ′

t undergoes structural evo-
lution. ϕI updates the set of constraints through
addition, modification or removal.

Constraint Evolution Parameters of individ-
ual constraints are randomly altered by ϕc, yielding
the final instruction for the the current turn:

It = ϕc(ϕI(I ′
t)). (1)

3.2.2 Query Synthesis Agent
The generated script, represented by a sequence of
topic-instruction pairs {(Tt, It)}Nt=1, is rendered
into natural utterances by the Query Synthesis
Agent. It consists of an LLM-based synthesizer
and a series of checkers to ensure output validity.

To bolster linguistic diversity and stylistic con-
sistency, a persona style δ is randomly specified
for each dialogue. We utilize adaptive prompting
strategies to generate contextually coherent queries
at turn t with a piecewise function as follows:

qt =





fnew(Tt, It, δ), if Tt is new,
fcontinue(It, It−1, δ), if Tt = Tt−1,

fbacktrack(Tt, It, It−1, δ), otherwise.
(2)

fnew introduces a new topic with its initial instruc-
tions. fcontinue highlights modifications to exist-
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ing requirements. fbacktrack signals a reversion to a
prior topic while introducing updated instructions.

Topic checkers and constraint checkers are in-
corporated to ensure the accurate convey of the
user’s intent. The query will be re-generated un-
less it passes all of them for maximum k iterations.
Otherwise, it is flagged for human review.

In summary, this synthesis process yields a con-
tinuously extensible stream of dialogues, providing
a foundation for fair and reproducible multi-turn
instruction-following evaluation.

3.3 Evaluation Protocol
Our evaluation protocol is adaptive and designed to
mirror real-world interactions, premised on Flow
Theory (Csikszentmihalyi and Csikzentmihaly,
1990) and cooperative principles of dialogue (Grice,
1975). Repeated failures by a conversation partner
serve as a primary catalyst for user frustration, lead-
ing to eventual disengagement (Ang et al., 2002;
Hernandez Caralt et al., 2025).

To address this, we first support dynamical ad-
justment of the session length. Dialogues in the
constructed benchmark can be extended as long as
the model follows instructions successfully.

Additionally, we introduce a patience score P ,
initialized to a maximum value Pmax, to simulate
user tolerance. Our protocol dictates that the dia-
logue terminates after a sequence of consecutive
failures. Specifically, after each turn t, P is updated
based on the model’s performance.

Pt =

{
Pt−1 − 1, if failed,
Pmax, otherwise.

(3)

The evaluation session concludes when the patience
score is exhausted, i.e., Pt = 0.

3.4 Evaluation Metrics
Conventional metrics, such as Constraint Satis-
faction Rate (CSR) and Instruction Satisfaction
Rate (ISR)(Zhang et al., 2025b; Li et al., 2025b),
focus primarily on outcome accuracy. To capture
the nuances of the conversational process, we in-
troduce a suite of process-centric metrics. Given
a benchmark of D dialogues, these metrics are de-
fined below (see Appendix B for details).

Endurance (EDR) measures conversational
longevity under a given user pateince. Let Nd be
the total number of turns in dialogue d.

• Length (EDRlen): The number of turns a model
sustains before termination, regardless of their

correctness. This measures pure persistence.

EDRlen =
1

D

D∑

d=1

Nd

• Accuracy (EDRacc): The cumulative constraint
satisfaction rate accumulated over the conversa-
tion, rewarding partial correctness.

EDRacc =
1

D

D∑

d=1

Nd∑

t=1

|Csat
d,t|

|Id,t|

where Csat
t ⊆ It is the set of constraints satis-

fied by the model’s output at turn t.

• Success (EDRsucc): The number of turns where
the model perfectly satisfies all instruction.

EDRsucc =
1

D

D∑

d=1

Nd∑

t=1

I(|Id,t| = |Csat
d,t|)

• Longest Satisfaction Sequence (EDRlss): The
maximum number of consecutive turns in which
instructions are perfectly satisfied.

EDRlss =
1

D

D∑

d=1

max
1≤j≤k≤Nd

{
k − j + 1 | ∀t : j ≤ t ≤ k, |Id,t| = |Csat

d,t|
}

Recovery (REC) assesses a model’s resilience
by measuring its ability to succeed after one or
more failures within the patience P .

REC =

1

D

D∑

d=1

∑Nd
t=2 I(ISRd,t−1 = 0 ∧ ISRd,t = 1)

∑Nd
t=2 I(ISRd,t−1 = 0)

(4)

Stability (STA) quantifies the degree of con-
sistency in a model’s instruction adherence over
multiple turns, defined as the macro-average of the
ISR across all dialogues.

STA =
1

D

D∑

d=1

(
1

Nd

Nd∑

t=1

I(|Id,t| = |Csat
d,t|)

)
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Models EDRlen EDRacc EDRsucc EDRlss CSR (%) ISR (%) REC (%) STA (%)

GPT-5 19.32 17.11 14.09 8.80 88.57 72.91 29.09 66.40
Gemini-3-Pro 16.36 14.11 11.41 7.17 86.22 69.72 27.50 60.81
MiniMax-M2 11.75 9.19 7.17 4.77 78.22 60.98 24.29 54.54
Kimi-K2 10.16 7.82 5.99 4.13 76.92 58.99 19.52 48.43
Qwen3-235B 10.02 7.66 5.80 3.97 76.43 57.88 21.15 47.47
Grok-4-Fast 9.52 7.29 5.50 4.13 76.58 57.77 16.01 46.03
DeepSeek-V3.2 8.64 6.32 4.62 3.38 73.15 53.47 15.87 44.42
Seed-1.6 8.21 5.78 4.20 2.95 70.44 51.18 15.90 39.43
Llama-4-Maverick 8.10 5.21 3.90 2.76 64.37 48.15 19.05 39.37
Mistral-Large-3 7.86 5.37 3.91 2.83 68.34 49.70 15.79 38.56

Table 2: Main results on the EvolIF benchmark. Higher is better for all metrics. Best results are bolded and the
second best results are underlined.

4 Experimental Setup

4.1 EvolIF Benchmark

Leveraging our framework, we introduce EvolIF,
a benchmark for assessing multi-turn instruction-
following capability of LLMs.

We first curated its core assets: topics, con-
straints and styles. We collected 541 dialogue top-
ics from IFEval (Zhou et al., 2023), manually re-
moving the attached constraints to isolate the core
task scenarios and subjects. To support our dy-
namic generation process, we assigned a set of cus-
tomized keywords for each topic. Concurrently, we
consolidated constraints from prior works (Zhou
et al., 2023; Li et al., 2025b) and our own construc-
tion, and systematically re-categorized them into 12
mutually exclusive groups based on semantic inten-
tion. These contain 9 objective constraints assessed
by rules and 3 subjective constraints measured with
an LLM judge. Moreover, we gathered 500 styles
by prompting GPT-4.1 with personas from Meyer
and Corneil (2025). More in Appendix C.

We guarantee the quality of the benchmark
through the following considerations. To ensure
integrity and complexity, we applied an automated
filter to discard trivial samples, removing dialogues
where the average number of constraints over the
first 20 turns was less than two. To mitigate fam-
ily bias (Spiliopoulou et al., 2025) introduced by a
single synthesizer, we adopted GPT-4.1, Gemini-
2.5-Flash and DeepSeek-V3.1 as synthesizers to
generate dialogue sessions with k = 3 trials.

The final EvolIF benchmark contains 150 dis-
tinct dialogues. Unlike traditional static bench-
marks that rely on a large number of short, finite-
turn samples, EvolIF prioritizes conversational
depth and endurance. Its extensible nature, com-
bined with a rich variety of dynamic behaviors, in-
cluding instruction evolution, topic switching, and

backtracking, makes it a challenging and future-
proof testbed for evaluating the long-term capabili-
ties of advanced models.

Based on our investigation, there is currently
no established theoretical or empirical consensus
on a universal value for Pmax. Therefore, we set
the default patience score to 3 as a practical and
interpretable setting for experiments. It should be
noted that Pmax in our framework is configurable
rather than fixed. This parameter primarily serves
as a flexible evaluation lens, rather than a rigid
assumption about human behavior.

4.2 Evaluated Models

We conducted evaluation on ten state-of-the-art
large language models from different institu-
tions. They include GPT-5-2025-08-07, Gemini-
3-Pro-Exp (Comanici et al., 2025), DeepSeek-
V3.2-Exp (Liu et al., 2024a), Kimi-K2-Instruct-
0905 (Team et al., 2025), Qwen-235B-A22B-
Instruct-2507 (Yang et al., 2025), Grok-4-Fast-
Reasoning, Llama-4-Maverick, Seed-1.6-Thinking-
250715, MiniMax-M2 and Mistral-Large-3. All
of the models were evaluated with corresponding
default settings. Code and data are available at
https://github.com/JiaQiSJTU/EvolIF.

5 Results and Analysis

This section first presents the main results using
our multi-faceted metrics, followed by an analy-
sis of conversational endurance and a fine-grained
breakdown by constraint groups. We also examine
the impact of user patience on perceived capability
and evaluate ranking stability across sample sizes.
More analyses of system prompts, synthesis mod-
els, and user styles are in the appendices.
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Figure 3: Dialogue survival curves for all ten evaluated models. The y-axis shows the percentage of initial sessions
still active at each turn. Slower decay rates indicate higher conversational endurance and resilience.

5.1 Main Results

The performance of LLMs on EvolIF is presented
in Table 2. Our analysis reveals a distinct stratifica-
tion in multi-turn instruction-following capabilities.
GPT-5 establishes itself as the state-of-the-art, with
Gemini-3-Pro following closely behind. These
two models demonstrate a superior performance,
achieving process-centric scores that are double
or even triple of subsequent models. MiniMax-
M2 emerges as the most competitive open-source
LLMs, forming a second tier alongside Kimi-K2,
Qwen3-235B and Grok-4-Fast. The rest constitute
the third tier, indicating substantial difficulties in
maintaining long and accurate conversations.

Multi-Turn Capability and Endurance The
EDR metrics provide a quantitative measure of the
models’ upper limits for sustained instruction fol-
lowing. The disparity in EDRsucc, which focuses
on the productive responses, is pronounced. GPT-5
sustains an average of 14.09 fully successful turns,
whereas this figure drops to approximately 6 turns
for mid-tier models and merely 3.90 turns for the
weakest model, Llama-4-Maverick. Furthermore,
EDRlss, which focuses on uninterrupted perfor-
mance, poses a higher bar for capability. GPT-5 ex-
hibits exceptional stability with a correct streak of
8.80 turns, far surpassing the leading open-source
model, MiniMax-M2, with 4.01 turns.

Accuracy and Resilience Regarding instruc-
tion accuracy, CSR and ISR metrics reinforce the
observed performance hierarchy. In terms of re-
silience, REC scores are universally lower than
30%, with the top-performing GPT-5 achieving
only 29.09%. Grok-4 struggles the most on this as-
pect among the second-tier models, while Llama-4-
Maverick demonstrates strong recovery capability

despite its overall weaker ranking. This widespread
lack of resilience is a primary factor leading to
premature dialogue termination, limiting models’
practical usability in long conversations.

Overall Stability STA serves as a holistic in-
dicator of a model’s instruction adherence ability,
effectively distinguishing model capabilities while
other metrics might show ambiguity. For instance,
while Qwen-3-235B and Grok-4-Fast exhibits sim-
ilar performance on CSR and ISR, Grok-4-Fast
suffers from weaker recovery capabilities. This
deficiency is captured by STA, which reveals a per-
formance gap of 1.44% between the two models,
highlighting STA’s value as a comprehensive eval-
uative score. A future direction is to incorporate
incorrect or noisy context during post-training. By
exposing models to such failure states, they can
learn to detect and recover from earlier violations,
rather than compounding errors, thereby further
enhancing the reliability captured by STA.

5.2 Dialogue Survival Analysis

To visualize and compare the long-term memory
management capabilities of the models over time,
we tracked the percentage of active dialogue ses-
sions remaining at each turn, up to a maximum
of 50 turns. This yields a dialogue survival curve
for each model, as depicted in Figure 3. A per-
formance stratification between the top-3 models
and the rest emerges at turn 4, right after the fast
exhaustion of the user patience. Initially, MiniMax-
M2 demonstrates instruction-following capabilities
comparable to GPT-5 and Gemini-3-Pro. However,
its performance drops dramatically after 10 turns,
becoming indistinguishable from second-tier mod-
els by turn 15.

The survival curve confirms that the primary dif-
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Figure 4: Instruction Satisfaction Rate (%) per Constraint Group on the EvolIF benchmark.

ferentiator between model tiers is not merely single-
turn accuracy, but resilience to accumulating com-
plexity. Turns 4-5 and 11-12, where models exhibit
their common and steepest drops, serve as practi-
cal indicators of a shared complexity ceiling. At
these points, the LLMs’ ability to track interleaved
topics and instructions begins to collapse. Notably,
top-tier models lose 50% of their dialogue sessions
around turn 15, whereas other models consistently
hit this wall around the 10th turn.

In summary, the dialogue survival curve high-
lights consistent performance bottlenecks at spe-
cific turns, reflecting inherent limitations in models’
stateful context tracking across multi-turn inter-
actions. Addressing these bottlenecks motivates
future work on enhancing internal or external mem-
ory mechanisms, enabling models to more effec-
tively retain and update key information across
topic shifts and evolving instructions.

5.3 Fine-Grained Analysis of Constraints

We provide a detailed breakdown of model perfor-
mance across the 12 constraint groups in EvolIF
to identify shared difficulties and reveal model-
specific weaknesses. Detailed statistics are in Ap-
pendix C.2, and the unique performance profiles of
different models are depicted in Figure 4.

Among objective constraints, LLMs perform
best on FBD and PTT. These constraints are essen-
tially binary checks, requiring the model to simply
include or exclude specific content. Conversely, the
most challenging groups are EXT and CS, which re-
veal a significant gap between the best and weakest
models. These constraints demand global planning

Models 1 2 3

GPT-5 7.03 11.19 17.11
Gemini-3-Pro 5.40 9.16 14.11
MiniMax-M2 3.76 6.66 9.19
Kimi-K2 3.46 5.52 7.82
Qwen3-235B 3.17 5.36 7.66
Grok-4-Fast 3.53 5.20 7.29
DeepSeek-V3.2 2.82 4.50 6.32
Seed-1.6 2.60 4.20 5.78
Llama-4-Maverick 2.02 3.65 5.21
Mistral-Large-3 2.33 3.91 5.45

Table 3: The effect of the patience score (P ) on EDRacc.

and state tracking at the word and character lev-
els, highlighting the need for improved constraint-
aware decoding or verification mechanisms within
single-turn responses. Subjective constraints also
present challenges. While LLMs are adept at han-
dling different emotions and styles, they struggle
to adapt to the preferences of different age groups.

GPT-5 and Gemini-3-Pro demonstrate strong,
well-rounded performance, topping the rankings
on most objective constraints. However, they lag
behind Qwen3-235B and Grok-4-Fast on subjec-
tive tasks. MiniMax-M2 does not achieve outstand-
ing performance in any single category but ulti-
mately outperforms the remaining models that ex-
hibit spiky profiles.

5.4 Analysis on the User’s Patience

Table 3 illustrates the impact of user tolerance on
conversational endurance. By varying the patience
score P , we simulate a spectrum of user temper-
aments to assess model robustness in sustaining
long-term interactions. Raising the patience thresh-
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old from 1 to 3 roughly doubles the average di-
alogue length across all models. Crucially, this
relaxation amplifies performance gaps. The lead of
GPT-5 over Llama-4-Maverick expands from 5.01
to 11.90 turns. This trend indicates that models
with strong self-correction abilities, i.e., high REC,
disproportionately benefit from the added buffer
provided by increased patience.

5.5 Sensitivity to Sample Sizes

Unlike previous works that rely on a large volume
of test samples, we prioritize extending interaction
length to differentiate LLM capabilities. This raises
the question of whether the 150 samples in EvolIF
are sufficient to yield a stable LLM ranking. To
address this, we compare LLM rankings across
varying sample sizes in Table 4. The results reveal
that rankings only fluctuate locally among similar
models, while the overall hierarchy stabilizes with
as few as 30 samples.

Models 30 60 90 120 150

GPT-5 71.21 68.29 68.60 68.42 66.40
Gemini-3-Pro 62.04 63.02 61.88 61.36 60.81
MiniMax-M2 55.37 57.34 56.03 55.80 54.54
Kimi-K2 46.61↓147.24↓148.38↓148.60↓148.43
Qwen3-235B 49.83↑148.49↑149.56↑148.61↑147.47
Grok-4-Fast 45.04 46.34 46.68 45.86 46.03
DeepSeek-V3.2 40.47↓142.72 44.06 45.16 44.42
Seed-1.6 42.05↑141.08 38.44↓138.67↓239.43
Llama-4 36.41 37.92↓138.44 39.14 39.37
Mistral-Large-3 35.44 38.62↑140.16↑240.30↑238.56
PLCC 98.08 99.22 99.55 99.69 -

Table 4: Ranking stability with different number of
samples according to STA(%). Arrows indicate relative
ranking shifts compared to the full dataset, and PLCC
calculates the corresponding Pearson Correlation (%).

6 Conclusion

In this work, we introduced an extensive frame-
work for multi-turn instruction following that in-
tegrates dynamic data synthesis, an adaptive eval-
uation protocol, and a suite of process-oriented
metrics. Built upon this framework, our bench-
mark, EvolIF, moves beyond static evaluations to
measure the crucial dimensions of conversational
experience. Our experiments reveal a clear per-
formance hierarchy among leading LLMs, uncov-
ering a universal weakness in error recovery and
a systemic struggle with fine-grained constraints
requiring planning during the generation.

Limitations

Our framework aims to simulate authentic user
behaviors to probe the boundaries of LLMs in real-
world scenarios. Currently, we primarily target
textual instruction following, merging rigorous ver-
ifiability with linguistic diversity. EvolIF encom-
passes both objective and subjective constraints.
Moving forward, we intend to incorporate multi-
modality, tool usage, and personalization of topics
and instructions to facilitate a more comprehensive
evaluation of LLMs and MLLMs.

Following previous work, such as Arena-
Hard (Li et al., 2024a) and MT-Bench (Zheng et al.,
2023), we choose the LLM-as-a-judge approach
for subjective constraint evaluation. We acknowl-
edge the inherent limitations of this approach, such
as family bias (Spiliopoulou et al., 2025). In this
work, we utilize it as a widely-adopted verifier and
prompt it with detailed instructions. Notably, we
observed no significant family bias using GPT-4.1,
given that it did not disproportionately prefer GPT-
5 across subjective tasks. This judge could also be
replaced by targeted classifiers. Developing more
robust verification methods lies beyond the scope
of this paper.

User patience is a complex and dynamic psycho-
logical construct, and it has been extensively stud-
ied in human-AI interaction research (Csikszent-
mihalyi and Csikzentmihaly, 1990; Dietvorst et al.,
2015; Lee and See, 2004). In real-world interac-
tions, there may be cases where patience increases.
In this work, our modeling of user patience is pri-
marily based on Flow Theory (Csikszentmihalyi
and Csikzentmihaly, 1990) that users may tolerate
minor disruptions, but sustained or repeated fail-
ures lead to disengagement. Therefore, we adopt a
conservative and monotonic formulation in which
patience decreases upon consecutive error. This
work provides a first step to explicitly incorporate
user patience into multi-turn dialogue evaluation.
More dynamic formulations of user patience to bet-
ter reflect nuanced real-world interaction patterns
will be explored in the future.
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B Metrics

B.1 Basic Metrics
Following prior work (Zhang et al., 2025b; Li et al.,
2025b), we quantify overall instruction-following
accuracy. Let N be the total number of turns
replied by the model. We adopt the following met-
rics:

Constraint Satisfaction Rate (CSR) measures
the average satisfaction rate of individual con-
straints across all N turns. It provides a fine-
grained assessment of how well the model adheres
to specific requirements.

CSR =
1

N

N∑

t=1

|Csat
t |

|It|

where Csat
t ⊆ It is the set of constraints satisfied

by the model’s output at turn t.
Instruction Satisfaction Rate (ISR) offers a

strictly turn-level perspective compared to CSR.
It calculates the proportion of turns in which the
model successfully satisfies all constraints, measur-
ing overall reliability of a model on a turn-by-turn
basis:

ISR =
1

N

N∑

t=1

I(|It| = |Csat
t |)

where I(·) is the indicator function.

B.2 Process-Centric Metrics
We propose a suite of evaluation metrics, providing
a holistic and complementary view of a model’s
conversational competence. An illustration of these
process-based metrics is presented in Figure 5 with
formal definitions in Table 5. The ranges of these
metrics are explained as follows.

EDRlen theoretically ranges from a minimum of
Pmax to infinity. Since a conversation persists as
long as the patience score permits, the minimum
possible length corresponds to the initial patience
threshold Pmax, occurring in the case of immedi-
ate consecutive failures, with no upper limit for a
perfectly performing model.

The REC metric falls within the range of [0, 1).
A model that consistently fails to recover from er-
rors will rapidly exhaust its patience and terminate
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Table 5: Summary of process-centric metrics.

Metric Definition Range

Endurance (EDR) Measures conversational longevity under a given user patience. [0,+∞)
Recovery (REC) Assesses a model’s resilience by quantifying the ability to succeed after

one or more failures within the patience threshold.
[0, 1)

Stability (STA) Quantifies the degree of consistency in a model’s instruction adherence
over multiple turns, computed as the macro-average of per-turn instruc-
tion satisfaction.

[0, 1)

0

1

1 2 3 4 5 6 7 8

Longest Satisfaction Sequence

Recovery Conversational 
Endurance

Stability

Figure 5: Process-centric Metrics.

the dialogue, naturally driving its REC score to-
ward 0.

The STA metric is bounded within the range
[0, 1). While typically bounded between 0 and
1, the practical upper bound in our framework is
constrained by the patience mechanism. Since ev-
ery session must eventually terminate with Pmax

consecutive failures, a model cannot achieve a per-
fect STA of 1 in a finite session. Specifically, for
a dialogue of length N , the maximum attainable
STA is N−Pmax

N . However, for a sufficiently capa-
ble model, this upper bound converges to 1 as the
conversation length N approaches infinity.

C Seed Data Preparation

C.1 Topic

We collected 541 prompts from IFEval (Zhou et al.,
2023). One annotator was tasked with removing
the instructions and constraints from each prompt
to extract the corresponding dialogue topic. Cus-
tomized keywords for each topic were then gener-
ated by GPT-4.1. Subsequently, each topic and its
keywords were verified by two additional annota-
tors. Modifications were iteratively adopted until
the data was accepted by both of them.

C.2 Constraint Group

We collected constraints from existing works (Zhou
et al., 2023; Li et al., 2025b) and related research.
Ultimately, the constraints were classified into 12
groups as shown in Table 6. 9 of them are ob-

jective, verifiable with rule-based functions using
existing parser packages or regular expressions.
The remaining 3 subjective groups draw inspira-
tion from prior work on style transfer (Heylighen
and Dewaele, 1999), emotion recognition (Busso
et al., 2008) and age bias analysis (Liu et al.,
2024b). These subjective constraints are measured
by adopting GPT-4.1 as a judge, following previous
work (Li et al., 2024a; Zheng et al., 2023). Specifi-
cally, GPT-4.1 is prompted to score constraint sat-
isfaction on a scale of 1 to 10 with detailed ex-
planations. We consider scores greater than 6 as
accepted.

C.3 Style

We randomly selected 500 personas from Meyer
and Corneil (2025). Then, we employed GPT-4.1
to infer the most plausible language style and tone
each persona would use in daily conversation with
3 to 5 descriptive phrases. These phrases serve as
inputs to the Query Synthesis Agent to facilitate the
generation of diverse and engaging user queries.

C.4 Data Synthesis Cost

We estimate the cost of our pipeline using GPT-
4.1. For synthesizing five dialogues of 30 turns
each, the total token usage is as follows: 50,541
prompt tokens and 14,006 completion tokens for
generation; 9,074 prompt tokens and 336 comple-
tion tokens for verification. Using GPT-4.1 pric-
ing of USD 2 per 1M prompt tokens and USD 8
per 1M completion tokens, we extrapolate these
figures to the full dataset. The estimated total
cost for generating the complete dataset is approxi-
mately 7.01 USD, demonstrating that our pipeline
remains highly cost-effective despite involving mul-
tiple LLM calls.

D Data Quality Analysis

The constraint and topic checkers designed for
the Query Synthesis Agent in Sec. 3.2.2 are both
precision-oriented. The constraint checkers rely

9586



Group Name Constituent Constraints Description

Objective constraints:
StartWith (SW) Letter, Emoji, Keyword, Quotation Controls what the response must begin with.
EndWith (EW) Letter, Emoji, Keyword, Quotation Controls what the response must end with.
Format (FMT) JSON, HTML, XML, CSV, Markdown Requires the response to adhere to a specific

structured format.
Case (CS) All Uppercase, All Lowercase, Min Upper-

case Ratio
Enforces rules on the capitalization of letters in
the response.

Punctuation (PTT) MustInclude, MustNotInclude Governs the inclusion or exclusion of specific
punctuation marks.

CountableItems (CTI) Bullet Points Requires an exact number of bullet points in the
response.

Length (LEN) Word Count, Paragraph Count, Character
Count, Sentence Count

Controls the length of the response based on
various units.

Existence (EXT) MustContain (with exact counts) Requires specific keywords to appear an exact
number of times.

Forbidden (FBD) MustNotContain Forbids the inclusion of specific keywords.

Subjective constraints:
Emotion (EMO) Happy, Sad, Neutral, Angry, Excited, Frus-

trated
Sets the emotional tone.

Style (STL) Formal, Informal, Active Voice, Passive
Voice

Defines the writing style.

Age (AGE) Child, Youth, Adult, Senior Tailors to the target age group.

Table 6: The constraint groups in the EvolIF benchmark.

on specific keyword matching aligned with corre-
sponding instructions and are triggered when alter-
native surface forms are used. The topic checkers
verify whether the generated utterance contains a
concrete clue indicating the intended topic. In this
way, the human verification process is primarily
used to resolve ambiguities arising from linguistic
variability.

EvolIF currently comprises 150 dialogues and
currently supports 4,519 turns. Only 1.26% of syn-
thesized queries failed to pass the Constraint Check-
ers. Among them, 40.36% are adjusted by human
annotators, while the remainder were identified as
false negative warnings stemming from linguistic
diversity not covered by the checkers. Besides,
0.73% of queries triggered the Topic Checker with
30.30% being modified. These statistics reflect the
reliability of the synthesized queries by LLMs, par-
ticularly when reinforced by human annotators as
the final safeguard.

To further verify that the non-flagged utterances
meet the topic and constraint requirements, we
randomly sampled 100 utterances from the syn-
thesized queries that passed all automated checks.
All were confirmed to be qualified by two anno-
tators, demonstrating that the automated checkers
effectively filter out violations with near-perfect
precision on the non-flagged utterances.

E Performance on Different Constraints

Table 7 provides a detailed breakdown of model
performance across 12 pre-defined constraint
groups. This fine-grained analysis is crucial for
diagnosing the primary obstacles LLMs face in
multi-turn instruction following, allowing us to
both identify the inherent difficulty of different
constraint types and reveal model-specific weak-
nesses. We classify the objective ones into three
categories.

Easiest Constraints: Models perform best on
FBD and PTT. These constraints are essentially bi-
nary checks, requiring the model to simply include
or exclude specific content. The high accuracy
indicates that models possess robust capacity for
such straightforward instructions. Similarly, SW
and EW constraints also show high performance
with over 77% accuracy across models, as they em-
phasize local control at the text’s boundaries and
do not necessitate global planning over the entire
generation process.

Moderate Constraints: FMT and CTI fall into
a middle tier of difficulty. These two constraints
share the similarity on assessing the model’s abil-
ity to generate structured output, which is a criti-
cal skill for applications like code generation and
agent-based systems. While models can often pro-
duce the correct general structure, they frequently
struggle with syntactic precision, especially when
these constraints are combined with others in a
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Models SW EW FMT CS PTT CTI LEN EXT FBD EMO STL AGE

GPT-5 86.99 89.20 88.55 72.08 94.73 82.52 80.42 90.67 99.20 86.69 84.50 81.13
Gemini-3-Pro 86.96 90.74 87.50 77.71 91.81 86.27 80.19 80.60 97.86 92.13 83.45 72.21
MiniMax-M2 71.12 73.31 74.80 69.18 82.15 77.10 69.59 66.92 87.65 75.38 81.28 71.30
Kimi-K2 88.56 83.06 79.04 62.66 86.44 76.60 58.44 23.79 95.25 82.39 87.92 75.68
Qwen3-235B 86.94 80.50 79.72 61.34 82.76 75.00 57.82 23.83 80.50 84.98 89.20 82.28
Grok-4-Fast 80.93 81.34 80.49 55.80 84.75 86.52 69.97 9.27 94.86 94.22 89.05 77.77
DeepSeek-V3.2 67.15 82.49 60.75 52.71 84.18 78.98 57.94 29.58 85.33 86.99 87.72 76.49
Seed-1.6 74.40 71.93 75.23 48.40 66.49 74.87 67.91 11.17 83.64 83.41 79.91 78.31
Llama-4 70.59 61.61 55.28 46.29 75.54 68.00 56.13 9.66 79.90 70.97 79.30 60.87
Mistral-Large-3 69.01 60.38 71.79 42.47 81.25 49.42 60.39 10.19 84.82 88.89 88.34 75.82

Average 78.27 77.46 75.32 58.86 83.01 75.53 65.88 35.57 88.90 84.61 85.07 75.19

Table 7: Instruction Satisfaction Rate (%) per Constraint Group on the EvolIF benchmark. Best results are in bold
and the second best results are underlined.

dialogue.
Hardest Constraints: The most challenging

group by a significant margin is EXT, where a large
performance gap separates GPT-5 and Gemini-3-
Pro from all other models. This highlights that
while models can be prompted to include keywords,
they are exceptionally poor at adhering to specific
frequency counts. Following closely in difficulty
are LEN and CS. These constraints all demand a
form of global planning and state tracking over
the fine-grained words and characters throughout
generation. This suggests that while models are
fluent producers of text, their ability to maintain ad-
herence to fine-grained structural and quantitative
rules remains a significant limitation.

Regarding subjective constraints, which focus
on overall linguistic expression, EMO and STL fall
into the easiest group, whereas AGE proves more
challenging. Alternatively, since we adopted GPT-
4.1 for assessing these subjective aspects, this result
may also reflect that LLMs show lower agreement
on age-related features compared to emotion and
style. More targeted analysis of this phenomenon
will be considered in future work.

F The Role of the System Prompt

Our evaluation methodology utilizes a system
prompt that explicitly outlines the task require-
ments for the model. To assess its impact, we
randomly select 50 samples and compare the de-
fault setting with a "w.o. system prompt" condi-
tion in Table 8. The results indicate that a high-
level system prompt provides essential guidance
that anchors the model’s behavior and improves in-
struction adherence, particularly for more capable
models. The top-tier model, Gemini-3-Pro, suf-
fers the most substantial decline without a system
prompt. EDRlen of it drops by nearly 5 turns, and
STA falls by over 9.27%. DeepSeek-V3.2 shows a
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Figure 6: Spearman correlation of LLM STA scores
across samples generated by different synthesizers.

more modest reduction of 3% in STA. In contrast,
Llama-4 suffers appears to be hindered by the addi-
tional system prompt, exhibiting an improvement
of approximately 2% in STA when the prompt is
removed.

G Sensitivity to Different LLM
Synthesizers

We analyze the performance of models on differ-
ent subsets of samples generated by different syn-
thesizers in Table 9. Note that these results are
simultaneously influenced by the user styles ran-
domly sampled for each instance. Nevertheless, we
observe that Gemini-3-Pro achieves better perfor-
mance on data synthesized by Gemini-2.5-Flash,
whereas other models find it more challenging.

We further calculate the correlation of STA
scores across the ten LLMs between different sub-
sets and the full test dataset. The results in Figure 6
reflect strong positive correlations in model perfor-
mance across various synthesizers. In summary,
the model ranking on EvolIF proves to be robust,
particularly when considering the mixed synthesis
strategy employed in our benchmark.
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Models & Conditions CSR (%) ISR (%) EDRlen EDRacc EDRsucc EDRlss REC (%) STA (%)

Gemini-3-Pro 85.72 68.16 15.64 10.66 13.41 6.64 24.98 61.49
w.o. system prompt 78.04 62.04 10.96 8.55 6.8 5.02 21.52 52.22

DeepSeek-V3.2 73.48 55.26 8.94 6.57 4.94 3.76 16.25 46.27
w.o. system prompt 70.81 53.43 8.16 5.78 4.36 3.10 17.68 43.27

Llama-4 62.15 46.54 7.22 4.49 3.36 2.50 15.87 35.65
w.o. system prompt 65.48 48.70 7.72 3.76 5.06 2.74 17.41 37.54

Table 8: A comparison of results with or without using a system prompt.

Models & Conditions CSR (%) ISR (%) EDRlen EDRacc EDRsucc EDRlss REC (%) STA (%)

GPT-5∗ 88.57 72.91 19.32 17.11 14.09 8.80 29.09 66.40
w. GPT-4.1 88.41 72.81 18.98 16.78 13.82 9.14 31.28 67.27
w. Gemini-2.5-Flash 88.26 70.66 19.36 17.09 13.68 7.90 28.60 64.85
w. DeepSeek-V3.1 89.02 75.23 19.62 17.47 14.76 9.36 27.39 67.07

Gemini-3-Pro∗ 86.22 69.72 16.36 14.11 11.41 7.17 27.50 60.81
w. GPT-4.1 87.02 70.63 17.98 15.65 12.70 7.70 27.79 62.63
w. Gemini-2.5-Flash 87.06 69.04 15.88 13.83 11.02 7.18 29.65 62.85
w. DeepSeek-V3.1 84.40 68.99 15.22 12.85 10.5 6.62 25.06 56.94

DeepSeek-V3.2∗ 73.15 53.47 8.64 6.32 4.62 3.38 15.87 44.42
w. GPT-4.1 73.37 53.67 8.98 6.59 4.82 3.60 18.07 47.26
w. Gemini-2.5-Flash 70.73 48.87 7.94 5.62 3.88 2.64 14.44 38.09
w. DeepSeek-V3.1 75.07 57.33 9.00 6.76 5.16 3.90 15.10 47.91

Table 9: Ablation studies on the impact of the instruction synthesis model. All experiments were run with a patience
score of P = 3.
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Figure 7: STA (%) scores across different user style
categories.

H Performance trend with different styles

We prompted GPT-4.1 to classify the dataset into
two categories, i.e., formal and informal, based
on the linguistic style of user queries. The per-
formance comparison is presented in Figure 7.
GPT-5 remains relatively stable across different
styles, whereas other LLMs exhibit varying per-
formances. Gemini-3-Pro, MiniMax-M2, Grok-5-
Fast, DeepSeek-V3.2, and Llama-4 favor a more
formal linguistic style characterized by clear inten-
tions. Conversely, the remaining models show a
preference for informal styles, where user queries

Model EvolIF (STA,
%)

LongBench Pro
(Overall, %)

GPT-5 66.40 72.61
MiniMax-M2 54.54 53.21
Kimi-K2 48.43 55.53
Qwen3-235B 47.47 63.77
DeepSeek-V3.2 44.42 67.82

Table 10: Comparison of models on EvolIF and
LongBench-Pro.

are typically more engaging.

I Relation to Long-Context Capability

To investigate the relationship between our bench-
mark and models’ long-context capabilities, we
compared our results with LongBench-Pro (Chen
et al., 2026), a comprehensive benchmark specif-
ically designed for long-context evaluation. The
comparison across five representative models is
summarized in the Table 10. The Pearson corre-
lation coefficient between the two benchmarks is
0.35, indicating a relatively weak positive correla-
tion. This finding aligns with our motivation that
while the capacity to process long contexts is a nec-
essary foundation, it does not strictly translate to
robust instruction-following. High performance on
EvolIF demands additional capabilities beyond pas-
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Dialogue Stage User Utterance Constraints

Initial Request “Okay sooo, can you write a song for me? It’s for a proposal to
get a new playground built at my local elementary school (!!!)
and omg, I really need it to give off those super happy vibes
the whole time. Like, total group hype energy. Let’s make the
school board want to break out into a dance circle or something.
Let’s go!”

Emotion: {"emo-
tion":"happy"}

Constraint Update “Hey, let’s make it pop! Can you kick off the response with the
word ‘kids’ up front?”

Emotion:
{"value":"happy"};
StartWith:
{"mode":"keyword",
"value":"kids"}

... ... ...
Beginning a New Topic “Write a description (make it totally weird, please!) of this data:

The Golden Palace is a restaurant, serves Indian food, and it’s
right in the city centre. Oh, and make sure it’s aimed at senior
readers.”

Age: {"value":"senior"}

... ... ...
Backtracking to Previ-
ous Topic

“Circling back to playground—can you hype it up with exactly
12 bullet points, and use * or - to make each point pop?”

Emotion:
{"value":"happy"};
StartWith:
{"mode":"keyword",
"value":"kids"}; ...;
CountableItems:
{"num": 12}

... ... ...

Table 11: A Synthesized Data Example.

sive context window utilization, such as dynamic
memory management, precise multi-constraint sat-
isfaction, and the ability to recover from reason-
ing failures. Therefore, our benchmark evaluates
a critical and complementary dimension of LLM
capability that is not fully captured by standard
long-context benchmarks.

J A Data Example

An illustrative dialogue is shown in Table 11. The
corresponding persona style was assigned as: "play-
ful and animated, informal with trending slang, en-
thusiastic group-oriented". The three-layer track-
ing mechanism enables a flexible simulation of
user behaviors such as instruction refinement, topic
switching and backtracking. It also enriches lin-
guistic diversity while preserving clear, verifiable
evaluation criteria throughout a dialogue.

K Usage of AI Assistants

Large language models, including Gemini-2.5-Pro
and Gemini-3-Pro, were adopted to polish the writ-
ing and add appropriate comments to the code in
this work. All of the models’ outputs are verified
and further modified by the authors. LLMs did
not participate in any other stages of the research
process.
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