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Recall =

Precision =

Coverage: Assesses the extent to which the survey encapsulates all aspects of the topic.
Structure: Evaluates the logical organization and coherence of each section.
Relevance: Measures how well the content aligns with the research topic.
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Table 2: Results of naive RAG-based LLM generation, Human writing and AutoSurvey. Note that
AutoSurvey and naive RAG-based LLLM generation both use Claude-haiku as the writer. Note that
human writing surveys used for evaluation are excluded during the retrieval process.

Citation quality Content Quality
Survey. Length: titokens) Methods Sposd Recall Precision Coverage Structure Relevance Avg.
Human writing 0.16 80.00 87.50 4.50 4.16 5.00 4.52
8k Naive RAG-based LLM generation | 79.67 | 7814503 71.92.6g3 | 4401048 3.864071 4.8640933 4.33
AutoSurvey 107.00 | 82.484077  77.424308 | 4.601048 4.464049 4.8:039 4.61
Human writing 0.14 88.52 79.63 4.66 4.38 5.00 4.66
16k Naive RAG-based LLM generation 43.41 71.48_{12_50 65-3]&:15‘36 4.46&0_49 3.66:&0.69 4.73&0‘,14 4.23
AutoSurvey 95.51 81.341365 76.9411 93 4661047 4.33+059 4.8610.33 4.60
Human writing 0.10 88.57 77.14 4.66 4.50 5.00 4.71
32k Naive RAG-based LLM generation | 22.64 79.88+4.35 65.03+839 | 4411064 3.TH40.72 4.664047 4.23
AutoSurvey 91.46 83.141044  78.044314 | 4.731044 4.264069 4.8+054 4.58
Human writing 0.07 86.33 77.78 5.00 4.66 5.00 4.88
64k Naive RAG-based LLM generation | 12.56 | 68.79+11.00 61.97+1345 | 444061 3.661047 4.661047 4.19
AUIOSUI‘VC)’ 7359 82.25:153.64 7741:}:’381 4.7310_.14 4.333:0,47 4.86:\:()_33 4.62
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Spearman’s rho shows how well LLM rankings align with human experts, with values above
0.3 indicating positive correlation and above 0.5 indicating strong positive correlation.
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Table 3: Ablation study results for AutoSurvey with different components removed.

Methods Citation Quality Content Quality
‘ Recall Precision | Coverage Structure Relevance Avg.
ARIOSVEY 83484505 17154605 | 4.T+045 4161073 4.931030 4.57
AutoSurvey w/o retrieve  60.114642 51.654633 | 4514040 4.01li074 4884032 4.44
AutoSurvey w/o reflection  83.23:350 76.364408 | 4.764042 4131076 4.881032 4.56

Table 4: Performance of AutoSurvey with different base LLM writers.

: Citation Quality Content Quality
Base LM wilter Recall Precision | Coverage Structure Relevance Avg.
GPT-4 80.2544.19 78.8347.00 | 4.840354 4464049 4.864033 4.70
Claude-haiku 82.45i2,77 76.31 +2.18 -’-'1.66:}:(),47 4.26i0_(57 4.86i()_33 4.58
Gemini-1 .5-pl'0 78. 13:*:2_39 71 -24i3.28 4.8610_33 4-33:1:0.78 4-93i0.25 4.69
Human 85.86 80.51 | 4.71 4.43 5 4.70
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Figure 4: Impact of Iteration on Auto-
Survey Performance.
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