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Abstract

Instruction following is one of the fundamental capabilities of large language
models (LLMs). As the ability of LLMs is constantly improving, they have been
increasingly applied to deal with complex human instructions in real-world sce-
narios. Therefore, how to evaluate the ability of complex instruction-following of
LLMs has become a critical research problem. Existing benchmarks mainly focus
on modeling different types of constraints in human instructions while neglecting
the composition of different constraints, which is an indispensable constituent in
complex instructions. To this end, we propose CompLEXBENCH, a benchmark for
comprehensively evaluating the ability of LLMs to follow complex instructions
composed of multiple constraints. We propose a hierarchical taxonomy for com-
plex instructions, including 4 constraint types, 19 constraint dimensions, and 4
composition types, and manually collect a high-quality dataset accordingly. To
make the evaluation reliable, we augment LLM-based evaluators with rules to
effectively verify whether generated texts can satisfy each constraint and composi-
tion. Furthermore, we obtain the final evaluation score based on the dependency
structure determined by different composition types. CompLEXBENCH identifies
significant deficiencies in existing LLMs when dealing with complex instructions
with multiple constraints compositio

1 Introduction

Large language models (LLMs) have proven their remarkable abilities in addressing various NLP
tasks [1]. Among these, instruction following is one of the most crucial requirements for LLM
applications as it determines how well LLMs align with human intents [2]. In real-world use of
LLMs, almost all the tasks are formulated as instruction following, where human instructions impose
different constraints on the model output to specify the requirement of specific tasks [3]].

Hence, how to accurately measure the quality of instruction following has become an essential
problem. While early works focused on simple and direct human instructions in traditional NLP
tasks, such as translation and text classification [4} |5} [6], recent works have resorted to complex
instructions consisting of multiple constraints [3} |7, |8, 9], which are important constituents of
LLM’s real-world use including role-play [10] and LLMs as agents [11]. These complex instruction-
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Figure 1: An example instruction of CompLEXBENcH. All constraint dimensions contained in the
instruction are marked with underlines and colors, which are categorized into three constraint types in
our taxonomy: Format, Semantic, and Utility. Below is the composition structure of the instruction,
where these constraint dimensions are combined through three composition types: And, Chain, and
Selection.

following benchmarks aim to measure whether the generated text can meet every constraint in the
input instruction.

However, we argue that existing complex instruction-following benchmarks neglect to model the
composition of constraints, causing insufficient evaluation of the LLMs’ ability to follow complex
instructions. Since composition is a natural phenomenon in language use and a long-standing
research problem in the NLP community [[12} |13} 14} [15]], it is a necessary ingredient in complex
instructions to specify structural combinations of different constraints. In addition, the ignorance
of composition leads to issues in both dataset construction and evaluation method design. On
dataset construction, existing benchmarks are currently limited to simple composition types such
as And which represents coordination between different constraints [3]. As shown in Figure[l] in
addition to And, complex instructions can also include more intricate composition types of constraints,
such as Chain (for sequential completion of constraints) and Selection (for conditional selection
of constraints). Regarding evaluation method design, incorporating more complex composition
types brings challenges in both constraint / composition evaluation and final score aggregation.
First, complex instructions with structural combinations of constraints make it hard to evaluate each
constraint / composition type independently with LLMs / rules due to their coupling. Then, simple
aggregation methods for each constraint result, such as direct averaging, which is commonly adopted
by existing benchmarks neglect the dependency among constraints brought by composition, causing
potential biases in evaluation results.

In this paper, we propose CoMPLEXBENCH, a novel benchmark to comprehensively evaluate the
ability of LLMs to follow complex instructions. CompLEXBENCH is manually constructed based on a
hierarchical taxonomy of complex instructions, including 4 constraint types, 19 constraint dimensions,
and 4 composition types, which provide a broad perspective to assess the performance of LLMs in
dealing with complex instructions. To precisely measure whether LLMs’ generated texts satisfy all
these constraints and composition types, we design a yes / no question to verify each constraint and
composition type respectively, inspired by the existing works on QA-based evaluation [[16} |17} [7]].
Then, we propose a new evaluation method for complex instruction-following called rule-augmented
LLM-based evaluation. This method first extracts evaluation segments from generated responses for
each yes / no question and then solves each question with LLMs or rules. Finally, the answers to each
question are aggregated via the dependency structure among these questions, which is built based on
the composition types. CompLEXBENCH accompanied by our proposed evaluation method is expected
to systematically reveal the deficiencies of existing LLMs on complex instructions and provide
insights on the improvement of LLMs when dealing with various constraints and compositions. Our
main contributions are as follows:

We propose a comprehensive hierarchical taxonomy for complex instructions, including 4
constraint types, 19 constraint dimensions, and 4 composition types. We manually collect



Constraint Composition Type Evaluation Method

Benchmark Data Size

Taxonomy And Chain Selection Nested. LLM-based Rule-based Aggregation Function
WizardLM Testset [18 218 - v - - - v - .
CELLO [8] 523 4 4 v - - - v Average
FollowBench [3] 820 5 4 - - - v v Average
IFEval [19] 541 25 v - v Average
InfoBench [7 500 5 v - - - v - Average
Col Testset [20] 1,068 - - v - - - v -
ComplexBench (ours) 1,150 4-19 4 4 4 4 4 v Dependency-based Aggregation

Table 1: Comparisons between CoMpPLEXBENCH and other benchmarks, illustrating the features
including dataset sizes, constraint taxonomies, composition types, and evaluation methods. - in
Aggregation Function means there is no step to evaluate each constraint and aggregate the final score.

a high-quality benchmark dataset for complex-instruction following, covering all types of
constraints and compositions in our taxonomy.

We accompany the benchmark with a new automated evaluation method to accurately
evaluate the ability of LLMs to follow complex instructions , which integrates the advantages
of LLM-based and rule-based methods to verify each constraint and composition type and
aggregates the final score via the dependency structure brought by composition types.

We conduct experiments on the proposed benchmark for a wide range of established LLMs,
systematically revealing their deficiencies on various constraints and compositions.

2 Related Work

Evaluation of Instruction-Following. Instruction following remains one of the most important
factors determining the practicality of LLMs [21]]. Therefore, numerous studies have attempted to
evaluate it from various aspects. Earlier works used to focus on simple human instructions formed
with mostly a single constraint, such as semantic [5} 4, |6] and format [19} 22, [23]] constraints. Since
LLMs have been gradually applied to address complex real-world tasks, users have to form complex
instructions, which naturally call for the evaluation of the LLMs’ ability in complex instruction
following [3} [7]]. WizardLM [18] employs two strategies, In-Breadth Evolving and In-depth Evolving,
to form complex instructions from simple ones. CELLO [8] defines complex instructions from
task descriptions and input text, and evaluates LLMs with real-world scenarios data. Unlike our
work, which includes subjective and objective constraints and combines LLM-based and rule-
based evaluations, CELLO focuses only on objective, rule-verifiable constraints and uses rule-based
scoring functions for evaluation. Nonetheless, we argue that these benchmarks neglect to model
the composition of constraints, which is an important character in complex instructions and brings
non-negligible structural complexity that is crucial to assessing LLMs’ abilities.

Compositionality in NLP. Previous studies have explored compositionality across traditional NLP
tasks, including semantic parsing [24} 25| 26], machine translation [26}, 27], style transfer [28]], and
data-to-text generation [29]]. However, in the task of instruction-following, how the LLMs deal
with the compositionality in instructions is still under-explored. CompMCTG [30] investigates
the compositionality of multiple control attributes for LLMs, which is a topic neighboring ours.
Nevertheless, our work studies more complex composition types beyond simple coordination between
different constraints, such as Chain and Selection and their nested structures, which form the basis of
many real-world complex tasks for LLMs.

3 ComplexBench Framework

3.1 Overview

To comprehensively evaluate the ability of LLMs to follow complex instructions, we propose a
hierarchical taxonomy to define constraints and composition types. For constraints, we extend
common constraints in controlled text generation tasks to the instruction-following tasks and consider
a two-level structure including coarse-grained types and fine-grained dimensions (Section[3.2). As
for compositions that indicate structural combinations of constraints, we consider the characteris-
tics of instruction-following tasks to define the composition types according to existing works on
compositionality in traditional NLP tasks (Section [3.3).



Figure 3: Composition types i@ompleBench Each node is a part of an instruction. The purple
node may contain other composition types, while the blue node does not. In addition to 4 basic types,
the last row also shows a nested selection type.

3.2 Constraint

Following existing works on controlled text generation and instruction follow81j(32, [33, 134,
19,[10], we propose a two-level structure for constraints including 4 constraint types (i.e., Lexical,
Format, Semantic, and Utility) and 19 speci ¢ constraint dimensions which are further divided from
the above types. The distribution of these constraint types and dimensions @atiiplexBenchis
shown in Figur¢ 2. We present the de nitions of constraint types in the following and describe the
details of the constraint dimensions in Apper|dix D.

Lexical Constraint requires to output speci ¢ keywords or phrases or precisely generate texts that
are related to speci ¢ keywords mentioned in the instructions[[35, 36, 34].

Format Constraint speci es the requirements on the
output structure (such as JSON, Markdown, and bul-
let points), length, and patterns of the output, where
the patterns include punctuation, content at the be-
ginning or end, and the output templates. Format
constraints require LLMs to possess a precise under-
standing and planning of the output content, which
remain challenging for current LLM5 [19, P3].

Semantic Constraint speci es the topicl87], lan-
guage style32], personality([L(], and sentimen{3g]

of the output, which are common constraints in the
existing works on controlled text generation.

Utility Constraint measures the language, helpfuFigure 2: Constraint distribution o€om

ness, supportiveness, consistency, and factualitypdéxBench The Utility constraints helpful-
generated texts, which are holistic properties. Amomgss and factuality possess a high proportion
these, helpfulness indicates whether the generati@ to their prevalence in various instructions,

text can complete the basic task included in the imhich are basic requirements for high-quality
struction (such a®lease introduce the followingoutputs.

painting. in Figure[1) regardless of satisfaction of

other constraints, while supportiveness means whether the generated text is faithful to the instruction.

3.3 Composition

As shown in Figur@]3, we propose 4 composition types that indicate typical structural combinations
of constraints.



Single. The output is required to satisfy a single constraint, with no composition involved.

And. The output needs to satisfy multiple constraints simultaneously. This simple composition type
commonly appears in most of the existing benchmarks on complex instruction-following [3, 19, 7].

Chain. The output is required to complete multiple tasks in the instruction sequentially, each of

to be completed sequentially. The outpuflef; may depends on that ak (k= 1;2; ;n 1).
Selection.The output is required to select dirent branches according to certain conditions, ful lling

function asS with a rangefl;2; ;mg taking the selection conditiocondas input. Finally, the
expected output of the instructionYgcong.

It's worth noting that the above composition types can be nested to construct more complex structures.
Each task irChainand each branch iSelectiormay also contain other composition types. As shown

in the last row of Figure 3, a branch 8tlectiorcan also contaielectionthus forming a nested
selection composition type.

To verify the necessity and comprehensiveness of the

composition types considered @ompleBench we

analyze the distribution of composition types in real-

world scenarios. We collect instructions with high

demand and representativeness from an online LLM-

based chat service platform that serves more than a

million users daily including general and professional

instructions. General instructions refer to the instruc-

tions used by individual users in routine scenarios,

while professional instructions refer to those used Bgure 4: Composition type distribution of
enterprise-level users in business and research scegemeral and professional instructions.

ios. For each category of instructions, we randomly

sample 300 instructions and manually count the number of instructions containing each composition
type. We found that the taxonomy @ompleBenchfully covers present composition types. As
shown in Figure 4, although the composition types of general instructions are relatively simple and
have already been covered by current benchmarks, professional instructions include more complex
composition types, such &electionand nested structures of multiple composition types, which
have rarely been considered by current benchmarks. As LLMs have been gradually applied to deal
with complex instructions in professional scenarios, it is necessary to evaluate their ability to follow
instructions with multiple constraints composition.

4 ComplexBenchConstruction

4.1 Data Collection

We manually construc€omplexBenchbased on the taxonomy described in Section 3. The detailed
construction pipeline consists of four steps, iReference Instructions Collection Task Allocation,

Data Annotation and Validation, andSelection Branch Expansion We initially used our proposed
method to construct Chinese data, while also providing an English versiGaroplexBench More
details are in Appendix F, G, and H.

Reference Instruction Collection.Considering the di culty of constructing complex instructions

from scratch, annotators are required to create new complex instructions based on provided reference
instructions. We collect reference instructions from real-world application scenarios and open-source
instruction following benchmarkd4p, 3, 7]. We conduct strict desensitization of privacy and carefully

Iter these instructions using category and quality classi ers.

Task Allocation. To ensure comprehensive coverage of each constraint and composition type,
we partition the entire dataset construction into multiple annotation tasks. Each annotation task
has di erent requirements for the minimal number of constraint dimensions in each constraint
type and composition type. Annotators are required to modify reference instructions to meet the
requirements of corresponding tasks. To alleviate the annotation cost, especially when the constraint



Figure 5: An exemplar evaluation processGafmpleBench Given an instruction and its scoring
questionsCompleBenchintegrates the rule and LLM evaluator to verify each of them and aggregates
the nal score based on the dependency structure of composition types in the instruction.

dimensions in the reference instructions and task requirements aeedt, we leverage GPT-4
[39] to automatically acquire the constraint dimensions in reference instructions and assign them to
corresponding annotation tasks according to minimal editing distance.

Data Annotation and Validation. Given reference instructions and corresponding annotation
task requirements, annotators are expected to construct new complex instructions and annotate
the constraint dimensions and composition types. After the data annotation, newly constructed
instructions are cross-validated by other annotators. The process of validation continues until
constructed instructions meet the following criteria: (1) Clarity & Reasonableness: The instruction
should be easy to understand, unambiguous, and realistic, with at least one reasonable answer. (2)
Validity of Constraints: Every constraint within the instruction should substantially in uence the
output. (3) Complexity & Di culty: The instruction should be challenging for most LLMs and be
capable of distinguishing the complex instruction-following abilities ofedent LLMs.

Selection Branch ExpansionWhen evaluating the ability of LLMs to follow instructions containing
Selectionthe predisposition toward random selection by LLMs may bring potential bias because
most instructions cover only one correct selection branch. But the probability of the correct branch
appearing at each position 8electiorof data constructed by annotators is unedudlo address

this issue, in the nal stage of instruction construction, we manually modify the selection condition
based on the selection function to construct multiple instructions that coveredit correct branches,
ensuring an equal probability of the correct branch appearing at each position.

4.2 Evaluation Protocol

To conduct a detailed evaluation of how well each constraint and composition type is satis ed, we
draw inspiration from previous works that transform text evaluation into multiple question-answering
tasks [L6, 17, 7]. For each constraint and compaosition type speci ed in an instruction, we manually
craft a scoring question that can be succinctly answered with either "yes" or "no."

Current mainstream evaluation methods contain LLM-bad8&dd, 7] and rule-based methods

[8, 19, 20Q]. In our preliminary experiments, we nd that LLM-based methods areative at
answering open-ended scoring questions, but they demonstrate a signi cant de ciency in those
involving numerical computation, counting, and other objective rule-de ned areas, such as keyword
inclusion and text length. Simultaneously, rule-based methods perform well in rule-de ned areas
but are powerless against open-ended scoring problems. To address their limitations, we design a
Rule-Augmented LLM-based (RAL) evaluation method to equip LLM evaluators with rules to answer

2For instance, after manual inspection we nd that in all the selection compositions with two branches,
annotators have about a 70% probability of selecting the rst branch as the correct one.



scoring questions in both rule-de ned and open-ended areas. For the instriydti@generated
response to be evaluatedand the scoring probleny if g is veri able by rules, we rst use the LLM
to automatically extract segmerg®f o, which is related to scoring question Subsequently, we use
the ruleR, written for g to obtain the evaluation resulf 2 f0; 1g that is:

e= M ex(l;;0) 1)
rq = Ry(e 2)

whereM ¢y indicates the LLM with the prompt used for extraction. Otherwisg,agannot be veri ed
by rules, we directly use the LLM to measure the qualitpof

rq=M evad(l;0; 0) 3

whereM ¢, denotes the LLM with the prompt used for evaluation. For composition types, considering
that their satisfaction is a prerequisite for satisfying some constraints, we model the dependencies of
its scoring questions. Speci cally, f&hain, all the scoring questions of the subsequent task depend
on the answers to those of the preceding task. An&G#lection all the scoring questions of the
selection branch depend on whether the correct selection branch is selected. If a scoring question
is judged as "no", all the scoring questions depending on it will also be directly judged as "no".
Formally, we denote the set of scoring questions thdépends on aBep(q). After all scoring
guestions have been independently veri 8&pendency Aggregatiowill be performed, and the
result ofq will be calculated as follows:
N
0
rq="rq Mo 4
p2Dep(q)

Finally, following InfoBench ], we calculate Decomposed Requirements Following Ratio (DRFR)
as the nal score duringcore AggregationConsidering a benchmark dataset hegistructions, the
instructioni hasm; scoring questions, and the result of fhth scoring question iqoj, the metric is

calculated asbRFR= r'= . m. Figure 5 shows a framework of our evaluation protocol.

(HRaTh

4.3 Benchmark Statistics

Category Ngesnt?]g #Inst. #lLen. #Ques. #Con.
CompleBenchcontains 1,150 instructions and P
5,306 scoring questions, as shown in Table 2. And 1 | 475 27939 409 414
Nesting_depth means the _maximum depth _of Chain 1 ‘ 70 35211 4.83 4.94
composition types. In addition to three basic 2 | 170 48684 624 632
composition types includingind, Chain, and , 1 80 75315 291  2.06
Selectionwe adopt a separate category whose ~Seecton 2| 224 68423 - 449 3.09
instructions simultaneously contathainand e 2 0 a0 '37 4'37 3'63
Selectionaiming to use these two challe‘ngnjg Chain 3 ‘ 55 39882 618 527
types to explore the boundary of LLMs' abil- overal 10 47751 461 419

ity in complex instruction-following. We also

present the task distribution G@omplexBench o ) )
in Appendix C. Table 2: Statistics ofCompleBenchincluding

the number of instructiong#(nst.), the average
. number of characterst(en.), scoring questions
5 Experiments (#Ques), and constraints#Con.) per instruction.

5.1 Agreement Evaluation

To measure the agreement between our evaluation method and manual evaluation, we randomly
sample 200 instructions fro@omplexBenchto construct a meta-evaluation dataset. Five LLMs are
involved in this evaluation as generation models. We employ GPT-4-B4d)&$ our primary judge

and adopt two metrics to con rm the reliability of our method: (yerall Pairwise Agreement

Given an instruction, two model responses (denoted as A and B), the human annotators are instructed
to compare the quality and choose from 3 options, namely A better than B, tie, B better than A.
Subsequently, the automatic evaluation scores for two model responses are converted into pairwise

3SinceAnd commonly appears in various instructions, we simply categorize instructions containing both
Chain/ SelectiorandAndtogether with those only containir@hain/ Selectiorinto one category.
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