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Abstract

While large language models (LLMs) have exhibited im-
pressive instruction-following capabilities, it is still unclear
whether and to what extent they can respond to explicit con-
straints that might be entailed in various instructions. As a
significant aspect of LLM alignment, it is thus important to
formulate such a specialized set of instructions as well as
investigate the resulting behavior of LLMs. To address this
vacancy, we propose a new benchmark CoDI-Eval to sys-
tematically and comprehensively evaluate LLMs’ responses
to instructions with various constraints. We construct a large
collection of constraints-attributed instructions as a test suite
focused on both generalization and coverage. Specifically,
we advocate an instruction diversification process to synthe-
size diverse forms of constraint expression and also deliber-
ate the candidate task taxonomy with even finer-grained sub-
categories. Finally, we automate the entire evaluation process
to facilitate further developments. Different from existing
studies on controllable text generation, CoDI-Eval extends
the scope to the prevalent instruction-following paradigm for
the first time. We provide extensive evaluations of represen-
tative LLMs (e.g., ChatGPT, Vicuna) on CoDI-Eval, reveal-
ing their limitations in following instructions with specific
constraints and there is still a significant gap between open-
source and commercial closed-source LLMs. We believe this
benchmark will facilitate research into improving the control-
lability of LLMs’ responses to instructions. Our data and code
are available at https://github.com/Xt-cyh/CoDI-Eval.

1 Introduction
The emergence and popularization of Large Language Mod-
els (LLMs) have revolutionized the NLP field and the world.
LLMs exhibit powerful capabilities in responding fluently
to natural language instructions or various NLP tasks (Wei
et al. 2021; Chung et al. 2022). However, LLMs do not al-
ways respond accurately to instructions with certain con-
straints (Zhou et al. 2023; Qin et al. 2023), e.g., writing an
article summary with a specific length or drafting an email
with an expected sentiment. Therefore, it is crucial to evalu-
ate the responses of LLMs to these specific instructions.

The process of generating text while adhering to specific
constraints is commonly known as Controllable Text Gen-
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A warm breeze whispered through the 
rustling leaves of summer. (10)

Is response right?

[Task]: Let LLMs generate a text containing 10 words.

[Instruction1]: Please give me a 10-words-long text: 
[Instruction2]: Produce a text consisting of ten words:

LLM1

The moon shines silently with starry 
light. (7)LLM2

Diversify instructions

Input

Figure 1: An illustration of our proposed benchmark, which
includes diverse CTG instructions, can be used to evaluate
whether large language models can properly respond to the
control constraints specified in the instructions.

eration (CTG) (Zhang et al. 2022). While traditional CTG
has been extensively studied (Dathathri et al. 2019; Zhang
and Song 2022), the formulation of control conditions is dis-
crete variables, thus not directly applicable under the new
instruction-following paradigm, as the latter entails natural
language instructions instead. Such discrepancy precludes
directly applying traditional evaluation methods of control-
lable text generation to LLMs or any related applications.

Moreover, in real-world scenarios, the constraints in the
instructions are usually presented in free-form natural lan-
guage, as illustrated in Figure 1. Therefore, LLMs are ex-
pected to respond accurately to instructions that contain dif-
ferent constraints expressed in various ways. In other words,
the instructions used for CTG evaluation need to cover as
wide a range of natural language expressions as possible.
This requirement cannot be satisfied by simply converting
the limited constraints in traditional CTG tasks into natural
language instructions using fixed templates. The lack of in-
struction diversity will hinder evaluating the robustness and
generalization of LLMs’ controllable text generation capa-
bility as well as the alignment with actual user expectations.
One recent work, instuctCTG (Zhou et al. 2023) has imple-
mented CTG using an instruction-based approach. Nonethe-
less, they only employ fixed templates to transform lim-
ited discrete constrained conditions into natural language in-
struction, and the diversity of instructions is still very limited
to evaluate LLMs’ capability under generalized settings.
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Figure 2: Performance of typical LLMs on CoDI-Eval.

To address this gap and motivate further research to
align LLMs with human expectations better, we pro-
pose CoDI-Eval (Controllable Generation under Diversified
Instructions), a new benchmark for systematically and com-
prehensively evaluating the controllable generation capabil-
ities of LLMs. It can be utilized to accurately measure how
well an LLM is aligned with instructions that have specific
constraints, as shown in Figure 1.

CoDI-Eval features in both coverage and generalization.
For coverage, we select five typical CTG tasks based on
the possible aspects of controllability, including Sentiment,
Topic, Length, Keyword, and Toxicity Avoidance, we also
further include a multi-aspect that simultaneously contains
two aspects to test LLMs under more challenging and com-
plex settings. For generalization, we maximize the diversity
of instructions with a two-step process. We initially start
from a small set of human-curated, high-quality seed in-
structions w.r.t. each constraint category. Then in step 1, we
employ an Expansion process to increase the number of in-
structions to construct the instructions pool. In step 2, we
random sample instructions from the pool, and further em-
ploy a Diversification process to diversify them in a text
rewritten manner. We repeat step 2 using Bootstrap until an
expected instruction scale is reached. Both steps are com-
pleted using a capable LLM with no human intervention.

For the evaluation of CoDI-Eval, we collect or construct
automated, easy-to-use, and reliable evaluation methods for
each controllable generation task. For tasks that can not be
directly evaluated, we resort to available open-source, spe-
cialized models or external APIs, and demonstrate that these
alternatives have qualified consistency with human evalua-
tion. The evaluation metric for each CTG task is accuracy.
We rank the CTG capabilities of different LLMs using the
average accuracy across all CTG tasks.

We conduct extensive evaluations to verify the perfor-
mance of mainstream LLMs (e.g., ChatGPT1, LLaMA2-
chat (Touvron et al. 2023b), Vicuna (Chiang et al. 2023)) on
CoDI-Eval. The experimental results are simply depicted in
Figure 2. Experiments reveal that top commercial LLMs like

1https://platform.openai.com/docs/models/gpt-3-5

GPT-4 (OpenAI 2023) and ChatGPT are capable of handling
CTG tasks, but they still have shortcomings in certain areas,
implying there is substantial scope for enhancing their over-
all CTG capabilities. The performance of the open-source
LLMs we tested still lags behind that of their closed-source
counterparts. We believe CoDI-Eval will serve as an effec-
tive benchmark to evaluate and compare various current and
future LLMs in the specific task of controllable generation,
as well as facilitate more related research progress. The main
contributions of this paper can be summarized as:

• We propose A new benchmark for evaluating the CTG
capabilities of LLMs, which goes beyond traditional
evaluation methods by incorporating diversified instruc-
tions in natural language formats that allow us to better
evaluate the generalized performance of LLMs.

• We accompany the benchmark with automated and easy-
to-use evaluation methods for further development.

• We conduct zero-shot and few-shot evaluations on the
proposed benchmark for a wide range of established
LLMs, systematically validating and comparing their
performance on CTG for the first time.

2 Related Works
Large Language Model LLMs are language models that
have been pre-trained on massive text data and contain a
vast number of parameters (Zhao et al. 2023). To enhance
or leverage the capabilities of LLMs, researchers have de-
veloped various methods. One such approach is instruc-
tion tuning (Wei et al. 2021), which means fine-tuning LM
with multi-task natural language instructions. Researchers
can also leverage the in-context learning (ICL) capability
of LLMs by creating multiple demonstrations (Brown et al.
2020). Currently, the evaluation benchmark of LLMs typi-
cally involves a wide range of NLP tasks that test their ad-
vanced abilities, including knowledge inference (Hendrycks
et al. 2020; Huang et al. 2023). Li et al. used verbalizer ma-
nipulations to construct instructions for evaluating whether
LLMs can comply with the requirements in the instruc-
tions (Li et al. 2023), but it was limited to classification tasks
and the instructions were not diverse enough.

Data Generation by LLMs With the support of prompt
engineering, there is now a trend of using LLMs to generate
data. Self-Instruct (Wang et al. 2022) and Unnatural Instruc-
tions (Honovich et al. 2022) rely on LLMs to provide in-
structions and responses to overcome the limitations of man-
ually written data, such as quantity and diversity shortages.
To obtain better outputs, LLAMA-GPT4 (Peng et al. 2023b)
took advantage of more powerful LLMs, such as GPT-4.
ExpertLLAMA (Xu et al. 2023a) and LongForm (Köksal
et al. 2023) also proposed their ways to improve data quality.
Furthermore, OpenRewriteEval (Shu et al. 2023) employs
Chain-of-Thought (CoT) (Wei et al. 2022) to generate in-
structions for a text rewriting benchmark.

Controllable Text Generation Current CTG tasks mainly
focus on two categories: hard constraints and soft con-
straints (Qin et al. 2022). Hard constraints are to limit
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Approach Contain
multiple tasks

Cover both soft and
hard constraints

Use natural
language instruction

Diversify expressions
sufficiently

PPLM (Dathathri et al. 2019) ✓ ✗ ✗ ✗
DExperts (Liu et al. 2021) ✓ ✗ ✗ ✗
InstructCTG (Zhou et al. 2023) ✓ ✓ ✓ ✗
CoDI-Eval (Ours) ✓ ✓ ✓ ✓

Table 1: Comparison between our benchmark and previous studies.

the lexicon and syntax of the text, including controlling
text length (Takase and Okazaki 2019), and ensuring that
the generated text contains some keywords (Carlsson et al.
2022). Soft constraints are designed to limit the semantics
of the text, such as sentiment and topic (Gu et al. 2022; Lu
et al. 2022). In contrast to the previous approach of targeting
only one category, CoDI-Eval includes both categories and
unifies them into the instruction-following paradigm.

Evaluation of CTG In the past, there was no unified
benchmark in the CTG field, but some studies still made
their attempts. PPLM designed several short prefixes as in-
put for the CTG model, with the corresponding output being
a continuation of the prefix. In this study, a text classifier
was employed to label the model outputs, after which the
ratio of outputs meeting the requirements was calculated as
the accuracy of CTG. DExperts adopts a similar approach
to RealToxicPrompt (Gehman et al. 2020), which constructs
numerous prompts that make it easier for language mod-
els to generate toxic text. Specifically, they devised prompts
that promote the generations of positive, neutral, and neg-
ative text to assess the model’s robustness to control senti-
ment across diverse input prompts. Other models either fol-
lowed their proposed evaluation method or adopted a simi-
lar approach (Yang and Klein 2021; Krause et al. 2021; Ke
et al. 2022). However, these methods can only be directly ap-
plied to auto-regressive language models. InstructCTG and
Bound-Cap-LLM (Lu et al. 2023) do not have this problem,
but there is still room for improvement in terms of instruc-
tion diversity. We compare our benchmark with the evalua-
tion of previous works in Table 1.

3 Benchmarking
3.1 Preliminaries
Our benchmark is primarily concerned with the problem of
controllable text generation, where given an input X and a
set of control conditions c, the objective is to generate the
output Y . It can be formally described as follows:

P (Y |X, c) =
n∏

i=1

Pθ(Yi|Y<i, X, c)

Where n is the length of Y , θ is the parameter of a language
model, and Y<i is the part that has been generated. The first
generated token is conditioned solely on the input and label.
In traditional CTG models (Liu et al. 2021), X is usually the
prompt, an incomplete text, while Y is its continuation.

Figure 3: Base CTG tasks and their corresponding control
attributes we select. Note that the size of each task sector
does not represent its proportion in the set.

Our testing target is LLMs with instruction-following ca-
pability, which refers to a model’s proficiency to understand
and follow given instructions. Thus, X will be transformed
into an instruction, and the label c will also be included in
it. At this point, the above formulation can be expressed as
Y = LLM(X). Thereby, we construct an instruction set
X that contains different control conditions, which is then
inputted into a certain LLM. We test the response set Y
and calculate the proportion of outputs that satisfy the corre-
sponding control conditions, which will serve as the perfor-
mance metric for the CTG capability of the LLMs.

3.2 Design Principle
In order for our benchmark to cover multiple CTG tasks, we
select five typical CTG tasks as comprehensively as possible
from two major categories: hard constraints and soft con-
straints. Besides, we also include a multi-aspect controllable
generation task. These CTG tasks have been extensively re-
searched in previous studies.

To better evaluate the controllable generation capabilities
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Diversified 
Instructions

Instructions

(Task description and requirements)
Please comp up with 10 length-controlled text generation 
instructions:
1: [Text up to {number} words, help me to write:]
2: [Generate a text which length is exactly {number}:]
... ...
7: [Generate a {number}-words-long text:]
8: [Write sth between {number1} and {number2} words]

9: [Craft a text, approximately {number} words long:]
10: [Create a text with a length of at least {number} words:]

Seed Instructions

Instruction Pool

A: [I kindly request that you generate a text consisting of precisely 
{number} words, no more, no less.]

(Task description and requirements)
Please rewrite the length-controlled generation instructions:
Q:'Provide me with a very short text, no longer than {number} 
words:' rewrite this instruction, be concise
A:[Write less than {number} words text:]
... ... 
Q: 'Create a text with exactly {number} words:' rewrite this 
instruction, be verbose

��
LLM LLM

Step1: Expansion Step2: Diversification
Prompt Template Prompt Template

Figure 4: The framework of constructing evaluation instruction sets. It consists of two steps: expansion and diversification.

of LLMs, we need to diversify the expression of constraints
in the evaluation instructions and ensure the instructions
remain within the scope of the corresponding CTG task.
We find that text rewriting is able to maintain the meaning
of instructions while diversifying their expressions. So text
rewriting is a good way for us to diversify CTG instructions.

Since diversifying instructions in a rewritten manner re-
quires a certain amount of initial instructions, we first intro-
duce an instruction expansion step. This step also requires
some initial instructions, so we manually write 20 typical
instructions for each CTG task. We call these manual in-
structions as seed instructions. We do not rely only on the
expansion step to construct instruction sets because it is in-
sufficient to utilize this method to expand and diversify the
instructions of a fixed task, as exemplified by the fact that
a single emotional attribute word can be expressed through
various means, such as adjectives and nouns. We will pro-
vide a detailed explanation in the following sections.

3.3 Tasks Overview
Basic tasks in CoDI-Eval include sentiment, topic, key-
word, length, and toxicity avoidance. We refer to the spe-
cific constraint categories in each controllable generation
task as control attributes. The tasks and control attributes we
select are displayed in figure 3.

To evaluate whether LLMs can comprehend and gen-
erate more fine-grained human emotions, our sentiment-
controlled generation task includes a set of 9 control at-
tributes. In addition to positive and negative sentiment, we
utilize six basic emotions (Ekman 1992) as part of our con-
trol attributes, along with a neutral attribute that has no sen-
timent orientation. For the topic task, we selected 18 specific
topics from TweetTopic (Antypas et al. 2022) as the control
attributes in the topic CTG tasks. To increase the challenge
of our benchmark, we introduce a multi-aspect controlled
generation task that pairs attributes from the sentiment and
topic CTG task as its control attributes.

As for hard constraints, in addition to precisely control-
ling the number of generated words, we introduce several
tasks for length controllable generation, including generat-
ing text with at least, at most, or approximately a certain
number of words, as well as generating text within a spec-

ified range of word counts. On top of the simple keyword
inclusion task, we incorporate two additional tasks based on
the setup of InstructCTG: one task is excluding keywords,
and the other involves selecting between two keywords, we
call this the complex keyword CTG task.

Finally, regarding the toxicity avoidance task which
is to avoid generating harmful or offensive content, we
follow ContrastivePrefixes (Qian et al. 2022) by select-
ing 203 prompts labeled as “challenge” from RealToxi-
cPrompts (Gehman et al. 2020) with toxicity scores below
0.5. They were used as inputs for the LLMs to generate con-
tinuations of them.

3.4 Constructing Diversified Instructions
We employ a two-step in-context learning prompting to gen-
erate instructions with increased diversity and varying ex-
pressions, this is illustrated in Figure 4. We first manually
write 20 different seed instructions for each CTG task, and
we do not add specific control attributes here but use spe-
cial symbols as placeholders, such as “{sentiment}” used in
the sentiment CTG task. The reason for doing so is to estab-
lish a one-to-one correspondence between instructions and
their corresponding tasks and control attributes, ensuring the
evaluability of the instructions in the benchmark.

In order to improve the quality of instructions generated
by LLM and to ensure that they do not contain any control
information beyond specific control attributes, we add a task
requirement description to the prompt for querying LLM.
All experiments are based on GPT-3.5-turbo (0301).

Instruction Expansion For each CTG task and every step,
we sample 8 instructions in the seed instructions set for con-
structing the prompt. The ICL prompt for the query LLM
will be constructed in the following form:

Inew = LLM(D ⊕ i1 ⊕ ...⊕ i8)

Where Inew is the response that contains 2 new instructions,
i is the demo instruction, and D represents the task descrip-
tion, accompanied by a request to generate 10 instructions.
This process is not used in toxicity avoidance tasks, because
the diversity of this task mainly stems from the variety of
input texts, whereas it is difficult to further diversify the de-
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scription of continuation tasks. After this step, every task
except toxicity avoidance will have 100 instructions.

Instruction Diversification We design the instruction di-
versification step with an instruction rewrite prompt and ini-
tial the instruction pool with instructions generated in the
first step. This prompt consists of a task description, 3 in-
context examples, and an instruction that needs to be rewrit-
ten. This prompt can also be presented as:

Inew = LLM(D ⊕ {i1, r1} ⊕ ...⊕ {i3, r3} ⊕ i4)

Where Inew is the response that contains the new instruc-
tion, {i, r} is the in-context demonstration, the text rewriting
instruction i consists of two parts: the source instruction and
the text rewriting method, and i4 represent the instruction to
be rewritten. At last, D represents the task description, ac-
companied by a request to rewrite instructions. In this stage,
Bootstrap is utilized to randomly fetch the instructions to be
rewritten from the instruction pool, and the rewritten instruc-
tions will be added back to the instruction pool. However,
the in-context demonstration remains unchanged.

The selection of rewrite methods is done as follows: there
is a 50% chance of selecting from six basic methods and
a 20% chance of choosing from a more complex set of 20
rewrite methods obtained by querying GPT-4. These rewrite
methods are described by an adjective that represents the
style of the rewritten sentence. Finally, the remaining 30%
allows for the LLM to rewrite freely.

For the sentiment and topic control tasks, before rewrit-
ing, we randomly select one instruction from the instruction
pool, and then randomly select an attribute to fill it. For these
two tasks, we add “part-of-speech conversion” to the basic
rewriting method mentioned above, to prompt the LLM to
transform the part of speech of the attribute words. In the
end, we filter out 1,000 instructions from the instruction pool
to balance the number of each control attribute, and they
will become the final evaluation instruction set. As to multi-
aspect control, due to the numerous categories involved, we
do not add generated instructions to the pool for the first half
of the diversification process.

For length controlled text generation task, we also select
1,000 instructions from the instruction pool with the number
of each subtask balanced. At last, we use numbers or words
that represent numbers to fill out the instructions randomly.
For the keyword task, we generate 500 instructions for both
the simple and complex tasks. We randomly selected key-
words from the CommonGen dataset (Lin et al. 2020) to
fill these instructions. Additional keywords used in com-
plex tasks were generated by the LLM. We finally deal with
the toxicity avoidance task. We select 203 toxic prompts
and combine them with 20 continuation prompts to create
4,060 instructions, with each toxic prompt corresponding to
20 text continuations. After the above steps, we obtain the
test instruction set for CoDI-Eval (Total 9060, Sentiment
1000, Topic 1000, Multi-aspect 1000, Length 1000, Key-
word 1000, Toxicity Avoidance 4060).

3.5 Evaluation
Due to the labor-intensive and costly nature of human evalu-
ation, we collect or construct methods to automatically eval-

uate the accuracy (%) of each CTG task. The accuracy is de-
fined as the ratio of an LLM’s responses to all instructions in
a CTG task that satisfy the corresponding control attributes.
The whole evaluation process is free and fast, only the toxi-
city avoidance evaluation takes a few hours.

For the sentiment and topic evaluation, we select corre-
sponding text classifiers with high download rates on Hug-
gingFace as evaluation models. However, the model for eval-
uating topics is a multi-classifier that outputs scores between
0 and 1 for each attribute. If the score for the target attribute
is greater than 0.5, the input is considered to belong to that
category. Toward multi-aspect control tasks, if both the sen-
timent and topic classifiers output the target attributes, the
input text is seen to meet the requirements.

We use a simple match to check whether the LLM re-
sponses contain or do not contain the target keyword. Be-
fore matching keywords, we perform the lemmatization of
all the words in labels and generated text, then convert them
to lowercase. For length control, we map every label to a
closed interval. If the text length is included in this interval,
the response is in accordance with the requirements.

Toxicity avoidance is more special, we use Perspective
API2 to detect the toxicity of generated text. Given an LLM
will generate 20 continuations of a toxic prompt, if the tox-
icity values of all 20 continuations do not exceed 0.5, the
LLM is considered to have successfully completed the toxi-
city avoidance task on that toxic prompt. The final accuracy
is defined as the proportion of toxicity avoidance tasks com-
pleted prompts to all prompts.

4 Experiments
4.1 Experimental Setup
Models According to the access method, we classify the
LLMs into two categories: (1) Open-source models which
we can access to all weights, such as LLaMA-7B (Tou-
vron et al. 2023a), LLaMA2-7B/13B, and LLaMA2-
7B/13B-chat which is fine-tuned on the upgraded version
of LLaMA, ChatGLM/ChatGLM2-6B (Du et al. 2022),
Alpaca-7B (Taori et al. 2023), Vicuna-7B/13B, GPT4ALL-
13B-snoozy (Anand et al. 2023), RWKV-raven-14B (Peng
et al. 2023a) which are LLMs based on RNN, Baichuan-
13B-chat3, and WizardLM-13B-V1.2 (Xu et al. 2023b), an
LLM trained on LLaMA2; (2) Commercial models that
we can only access to their API service, include GPT-4
(0613), GPT-4-turbo (gpt-4-1106-preview), and GPT-3.5-
turbo (0613), which is commonly known as ChatGPT.
Within them, LLaMA and LLaMA2 are basic language
models, the others are fine-tuned LLMs.

Inference and Decoding We primarily employ a zero-
shot prompt to test the capability of LLMs to respond to the
constraints in instructions. Additionally, we also conduct ex-
periments under the few-shot setup. The zero-shot prompt is
displayed in Figure 5, while the few-shot prompt is made
up of adding 5 instruction-response demonstrations to the

2https://perspectiveapi.com/
3https://github.com/baichuan-inc/Baichuan-13B
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Zero-shot Few-shot Comparison
S T M L K TA Average Average ∆accuracy ∆s-BLEU

GPT-4 (0613)* 91.6 93.5 70.2 73.8 86.2 93.6 84.82 - - -
GPT-4-turbo* 88.3 88.6 65.2 70.8 83.3 94.09 81.72 - - -
GPT-3.5-turbo (0613) 88 95.1 76.1 55 80.1 88.67 80.5 79.33 -1.17 0.0899
LLaMA2-13B-chat 85.9 91.4 68.6 46.8 68.3 56.65 69.61 67.66 -1.95 0.0331
WizardLM-13B-V1.2 84.8 93.3 67.6 48.9 70.1 51.72 69.4 69.51 0.11 0.0294
LLaMA2-7B-chat 78.8 90 64.4 42.6 63.1 66.5 67.57 68.38 0.81 -0.0001
ChatGLM-6B 81.9 91.6 56.9 34.4 59.7 66.5 65.17 65.67 0.50 0.0254
GPT4ALL-13B 85.1 93.3 68.2 38.9 60.1 38.92 64.09 60.9 -3.09 0.0395
Vicuna-13B 84.8 92.4 64.8 41.4 58.7 20.2 60.38 64.06 3.68 0.0741
Baichuan-13B-chat 81.9 92.5 63.9 35.1 48.6 35.96 59.66 62.54 2.88 0.093
Vicuna-7B 80.1 87.3 60 36.3 65.1 21.67 58.41 61.45 3.04 0.1043
ChatGLM2-6B 85.3 88.3 49.5 37.2 34.8 50.74 57.64 61.75 4.11 0.0356
Alpaca-7B 78.6 92.9 56.8 38.5 44.1 28.57 56.58 54.27 -2.31 0.0815
RWKV-14B 79.7 82.3 49.8 30.2 40.7 14.78 49.58 39.61 -9.97 0.1296
LLaMA2-13B 63.5 70.1 38.7 22.2 50.5 5.91 41.82 41.73 -0.09 0.1584
LLaMA2-7B 59.1 59.4 32 24.3 41.2 9.85 37.64 38.83 1.19 0.0933
LLaMA-7B 53.9 60.9 26.2 25.1 43.9 5.91 35.98 27.29 -8.69 0.0874

Table 2: Model accuracy (%) (See Section 3.5) on each CTG task in CoDI-Eval. We use ‘S’, ‘T’, ‘M’, ‘L’, ‘K’, and ‘TA’ to
represent Sentiment, Topic, Multi-aspect, Length, Keyword, and Toxicity Avoidance. The ‘Average’ is the average accuracy on
zero-shot or few-shot settings. ∆s-BLEU is the average self-BLEU difference between the few-shot and the zero-shot. *Due to
budget constraints, experiments for GPT-4 and GPT-4-turbo were only performed on zero-shot settings.

[System]: You are performing a test of controlled text 
generation. Generate text according to the following instruction 
and generate whatever you want, no other requirements:
[Instruction]: Produce some text that expresses great happiness. 
[Response]: I jumped up and down with excitement as I read the 
email - I had been accepted into my dream university!

Figure 5: An example of the zero-shot prompt. The black
part is the prompt while the green part is the output of LLM.

zero-shot prompt. Our benchmark does not impose any re-
strictions on the decoding method of the models. However,
for the sake of experimental consistency, we simply use the
nucleus sampling (Holtzman et al. 2019) and set the top-p
parameter to 0.9, as well as the temperature to 1.0. To reduce
the generation time, we also limit the generation length (75
tokens for toxicity avoidance; 300 tokens for other tasks).

4.2 Results
The main results of these LLMs on CoDI-Eval are presented
in Table 2. We report the accuracy (%) on the zero-shot set-
ting as the main score for every LLM.

Comparing the Performance of Different LLMs. Not
surprisingly, the top commercial LLMs achieved the highest
scores on all CTG tasks, the open-source LLMs we tested
exhibiting an accuracy gap of over 10%. As can be seen
from Table 2, the fine-tuned LLMs perform better than the
base language model. Moreover, the more complex trained
models (LLaMA2-chat, ChatGLM, etc.) also outperform the
LLMs with the same amount of parameters that have only

Figure 6: Reasons for the errors of GPT-3.5-turbo on multi-
aspect and complex keyword CTG tasks.

undergone instruction tuning such as Vicuna and Alpaca.

Comparing LLMs’ Performance on Different Tasks.
LLMs perform relatively well on sentiment and topic con-
trol tasks. However, once these two attributes are combined,
the difficulty of the task increases, and none of the LLMs
achieve 80% accuracy. We use GPT-3.5-turbo as an exam-
ple to analyze the reasons why LLMs respond incorrectly
on multi-aspect controllable generation tasks. We show it in
Figure 6. In the toxicity avoidance task, only LLMs that have
experienced alignment tuning such as RLHF, are able to per-
form well on this task, especially GPT-4 and GPT-3.5-turbo
which have undergone more refined alignment training.

As for the hard constraints part, The accuracy of LLMs
on keyword tasks is close to the average accuracy. We ana-
lyze the cause of LLM’s error on the complex keyword CTG
task as we did for the multi-aspect task, see Figure 6. How-
ever, in the seemingly simple length CTG task, even GPT-
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Attribute Equal to Around Between

Accuracy 6% 37% 58%

At least At most Zero-shot Few-shot

98% 76% 55% 57.1%

Table 3: Accuracy of GPT-3.5-turbo on each subtask of
length CTG. The last two columns show the average length
CTG accuracy on zero-shot and few-shot setups.
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Figure 7: Average Rouge-L scores distributions for the in-
structions. Instructions constructed by the diversification
step have low Rouge-L scores and more diversity.

3.5-turbo’s accuracy is only 55%. This suggests that most
LLMs have an insufficient perception of length. However,
GPT-4 shows more strength in this task. We then calculate
the accuracy of GPT-3.5-turbo on each subtask of the length-
controlled generation and find the accuracy is roughly posi-
tively correlated with the range of target lengths (Table 3).

Few-shot Setting The average accuracy in few-shot ex-
periments is presented in Table 2. Comparing the zero-shot
and few-shot results, we can observe that the simple few-
shot prompt does not necessarily improve the controllable
generation of the LLMs. This is because of the high diver-
sity and dispersed data distribution of our instructions. The
demonstrations in the few-shot prompt exhibit a low corre-
lation with the target instruction. We also explore the text di-
versity of the LLMs’ responses using the few-shot and zero-
shot prompts by calculating the self-BLEU difference be-
tween the few-shot and zero-shot settings. self-BLEU means
the average BLEU (Papineni et al. 2002) overlap between
all generated texts of each LLM, lower self-BLEU indicates
higher diversity of generated text. As shown in Table 2, sim-
ple in-context learning may reduce generation diversity. So
we believe that simple in-context learning is not a good way
to improve the model’s capability for CTG.

5 Analysis and Discussion
Diversity of Instructions To verify the validity of our “In-
struction Diversification” step, we conduct the following ex-
periments. We construct 1000 instructions only using the in-
struction expansion step (the first step) for each task that uses
instruction diversification, denoted as “Use step 1”. The fi-
nal instruction set in CoDI-Eval is referred to as “Use step 1

Sentiment Topic Multi-aspect

Consistency 94.5% 98.5% 89.5%

Table 4: Consistency between our automated evaluation and
human evaluation.

and 2”. We calculate the average of Rouge-L (Lin and Och
2004) scores for each instruction with all other instructions
on the same task, then plot them as histograms in Figure 7.
Since a lower Rouge-L score indicates lower similarity, we
can see that the instructions undergoing the diversification
stage exhibit greater diversity.

Quality of Evaluations We conduct simple human judg-
ment to verify the reliability of the evaluation methods.
Since the evaluation of length and keyword is based on rules,
and the evaluation of text toxicity is based on the widely rec-
ognized Perspective API, we mainly verified the remaining
three tasks. For each task, we randomly sample 100 instruc-
tions from the instruction set and collect a total of 200 cor-
responding responses of GPT-3.5-turbo under zero-shot and
few-shot settings. We then manually judge whether these re-
sponses meet the requirements of the corresponding instruc-
tions. We calculate the consistency between the automated
evaluation results and the human evaluation results, which
is shown in Table 4. The results show that automatic evalua-
tion has a relatively high agreement with human evaluation.

Further Discussion LLMs perform the worst in the task
of generating text under certain length constraints. We argue
that it is difficult for deep neural networks to fit the infor-
mation of text length, in other words, LLMs do not have an
explicit mechanism or capability of “counting”. LLMs gen-
erate text on a token-by-token basis, which poses a burden as
the number of tokens in the output may differ from the num-
ber of words in the output. These lead to the differences be-
tween the Length-controllable text generation task and other
CTG tasks. If a large number of length-controllable genera-
tion instructions with non-diversified constraints are used to
fine-tune LLMs, the accuracy of LLM generations may be
improved. However, it is possible that LLMs simply “mem-
orize” answers without truly comprehending the meaning
of the length. As a result, the trained models may perform
poorly on unseen instructions.

6 Conclusion
In this paper, we introduce CoDI-Eval, a novel benchmark
for evaluating the controllable text generation capabilities of
LLMs. Our benchmark comprises a set of evaluation instruc-
tions involving multiple CTG tasks in a variety of natural
language expressions. Our results suggest that LLMs with
instruction tuning are able to perform certain CTG tasks,
but the accuracy of generations requires to be further im-
proved, especially for some specific constraints. We also ob-
serve a performance gap between open-source LLMs and
their closed-source commercial counterparts, marking a po-
tential direction for future works.
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