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Motivation

« How effectively do LLMs adhere to structured output formats?

» Does output format influence content quality? Prior studies conclude in a
one-sided manner: structured output either improves or reduces quality:.

« How to statistically quality the impact? Former explorations apply
similar strategy to compare the final aggregate metrics’ differences between
structured and unstructured output, which is relatively rudimentary:.

Instruction
Take the last letters of each words in "Lorena Shana Priscilla Summer" and concatenate them.

Standard Format JSON Format
...The last letter is "a" \n-"Summer" - The last Reasoning: ...The last letters are 'a’, 'a’, 'a’,
letter is "r".\n\nNext, concatenate these last and 'r' respectively. Concatenating these
letters together:\n\n"a" + "a" + "a" + "r"\n\nThe letters gives us the final answer.

final answer is:\n\naaaar X Answer: aaaar X

XML Format
<root> reasoning: |
<reasoning>...gives us "aaaar"</reasoning> ...summer" is "r".\n\nConcatenating these
<answer>aaaar<answer> X letters together results in "aaar".
</root> answer: "aaar" v

YAML Format

Figure 1: Positive, neutral, and negative effects of structured outputs on LLMs’ generation.

Causal inference

« We reduce a large set of directed acyclic graphs (DAGs) to a limited number
of candidate structures, enabled by controlled or guaranteed constraints.

Common Causal DAGs Constraints Candidate Causal DAGs
z z ici : vant z z
Collider without T~ | o~ Collider with Calijsal Sufficiency: All rele Collider without ~. | ~. Collider with
M-bi Y Y : variables (X, Y, and Z) are , Y Y ;
-bias M-bias ) . M-bias M-bias
./ ‘/ included in the model. ./ ‘/
4 z Marginal Independence: X and _ Z~_ Z _
Full Connection / \ \ Counfounding Z are independent without Sl S L Y St e b
e . from Z from X
Y Y conditioning on other variable. X ./
Chain Z —-.—» Y z —«. Y Isolation Independence Z . Y

Temporal Precedence: The

future variable of Y cannot . Output Format

affect previous variables. _
Y LLMs' Generation

Z .
Diamond <./Y And other causal relationships...
Z Instruction

Figure 2: Candidate causal relations isolated from common types.

« We use causal analysis to quantify structured outputs’ impact.
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Figure 3: Randomized controlled trials for identifying causal structures.

Results

« GPT-40 demonstrates robust insensitivity to structured output formats. In
the exceptions, both instruction and format causally influence its quality:.

e GPT-4.1 follows trends similar to GPT-40, performing robustly in most
settings but still exhibiting vulnerability on the SOT task.

« OpenAl-03 is consistently resilient to structured outputs, showing an
underappreciated strength of reasoning models.

 Function calling is a promising approach for obtaining structured outputs:
Independence remains the predominant DAGs, while the generation quality
outperform that from format-restricting instructions.

e Derived DAGs are robust under additional interventions and API calls

LLM GPT-40 GPT-4.1 OpenAl-o03

Task SOT  OpsEval XCodeEval SOT OpsEval XCodeEval SOT OpsEval XCodeEval
JSON format CwoM  IND IND CwoM IND IND IND IND IND
XML format IND IND IND INS IND IND IND IND IND
YAML format IND IND IND CwoM IND IND IND IND IND

Table 1: Discovery of DAGs based on structured output by format-restricting instruction.
CwoM: collider without m-bias; INS: single cause from instruction; IND: independence.

« SLMs are more sensitive to output formats while GPT-0ss-208
demonstrates great robustness to output format interventions.

Instruction type
Bl Zero-shot e Few-shot
LLM = Llama-3.1-8b LLM = Gemma-2-9b

LLM = GPT-0ss-20b LLM = Phi-3.5-mini
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Figure 4: Successtul response rate of different SLMs under zero-shot and few-shot Prompts.
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Figure 5: Performance comparison on entire dataset and subsets of successtul responses.

» Eixtended Last Letter Concatenation (ELLC) dataset introduces additional

complexity in both symbolic and linguistic reasoning.

Extraction accuracy Question type Sample type Rearrangement accuracy

Overall 0.286

Single Single 0.286

Multiple 0.304

0334 Overall 0.185
Multiple Single 0.189

Multiple 0.082

Table 2: GPT-40 performance on ELLC tasks with 6 letters and middle position.
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