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ABSTRACT1

The harmony of a song is closely tied to its key, and human2

musicians often consider a song’s chords when determin-3

ing its key. We present a key detection system inspired by4

this, prompting a large language model with the output of5

a chord recognizer, which requires no additional training.6

On FMAKv2, this approach outperforms the deep learn-7

ing baseline AllConv (0.68 vs. 0.66 accuracy). Analyzing8

where the two systems differ, we build a hybrid system9

that combines predictions, falling back to AllConv when10

the LLM’s predictions are likely to be untrustworthy. Be-11

cause the hybrid was tuned and tested on the same data, we12

submit it to MIREX 2026 for independent evaluation. 113

1. INTRODUCTION14

Key detection remains a challenging music information re-15

trieval task due to the limited availability of labeled data.16

Key detectors also suffer from comparatively few oppor-17

tunities for learning — a 60 second audio clip may have18

dozens of chord changes but only a single key. To side-19

step these issues, researchers have recently explored large-20

scale self-supervised methods for key detection, which do21

not require labeled data to learn [1, 2].22

Another solution to this problem is to take advantage23

of the representations learned by supervised methods for24

other MIR tasks which are less bottlenecked by data avail-25

ability. The hope is that these intermediate representations26

might provide useful information for key detection. Chord27

recognizers hold promise in this regard, not only because28

chord annotations provide more learning opportunities, but29

also because a song’s chords are highly correlated with its30

key. Indeed, when humans determine a song’s key, they31

often listen for V-I cadences or repeating harmony.32

We can take advantage of the fact that chord recog-33

nizers output text to predict key from chords with a large34

language model. Commercial LLMs which have encoun-35

tered music theory texts during pre-training are particularly36

well-suited to this task.37

1 Code: github.com/jeffgord/mirex2026-chord-llm (MIREX submis-
sion) and github.com/jeffgord/llm-key-detection (experiments).
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2. METHOD38

The proposed method first runs a song’s audio through a39

Chord Recognizer. Our implementation uses the model40

from [3]. We then feed the output to an LLM after some41

light pre-processing. The experimental results reported42

here use Gemini 3.1 Flash Lite 2 . After noticing high vari-43

ance in predictions on ambiguous cases, however, we opted44

for the more powerful Gemini 3.8 Flash 2 in the final sub-45

mission. The prompt looks roughly like this:46

Determine the key of this song based47
off its chords:48
{CHORDS}49

50

The chords came from a chord51
recognizer, and therefore may contain52
mistakes or confusing enharmonic53
spellings. Also, because the passage54
may have been trimmed, you should not55
assume that it starts or ends at a56
phrase boundary.57

The setup described above constitutes the system’s core58

prediction method. We further extend this system for59

robustness to common failure modes. For instance, the60

above method can fail on chord progressions which are di-61

atonic to multiple keys. To remedy this, we also include62

chroma activations alongside the chord representation. We63

compute these activations by averaging a song’s chroma-64

gram across the entire passage, inspired by the Krumhansl-65

Schmuckler key-finding algorithm [4].66

There are also situations where the chord representation67

is wholly uninformative for key prediction. For instance,68

chord recognizers may fail to produce useful output for a69

song with a solo vocalist. We detect these situations by cal-70

culating the proportion of the song’s duration for which the71

chord recognizer labeled the harmony as no chord. When72

this proportion rises above a threshold, we treat the LLM’s73

key prediction as untrustworthy. We incorporate a fallback74

deep learning method for this situation, using its predic-75

tions instead of the LLM’s. In particular, we use the All-76

Conv model [5], as implemented in madmom [6].77

Further, a thorough error analysis revealed that the LLM78

is prone to making parallel key errors (see Figure 1). We79

hypothesize that this is due to chord recognizer issues that80

propagate to the LLM. For instance, the chord recognizer81

tends to assign a major or minor quality to chords with82

ambiguous thirds. These tenuously-assigned chord labels83

can heavily influence the prediction made by the LLM.84

2 Model cards: deepmind.google/models/model-cards

https://github.com/jeffgord/mirex2026-chord-llm
https://github.com/jeffgord/llm-key-detection
https://deepmind.google/models/model-cards/


Figure 1. Predictions made by different methods on FMAKv2, stratified by key distance (the number of notes shared by the
key signatures of the predicted and actual key). While the Chord-LLM + Chroma system makes more correct predictions
than AllConv, it is prone to parallel errors. The hybrid system explicitly corrects for this.
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Decision Logic:
if proportion_no_chord(chords) > τ :

return AllConv key
if tonics_match(LLM key, AllConv key):

return AllConv key
return LLM key

Figure 2. Overview of the hybrid system. Data (white) flows through processors (gray). Pseudocode for the Decision
Logic processor is shown at right.

Method Accuracy Avg. MIREX
AllConv (baseline) 0.6617 0.7414
Chord-LLM 0.6846 0.7490
+ Chroma Activations 0.6868 0.7515
+ Parallel Correction 0.7091 0.7700
+ No Chord Threshold 0.7151 0.7760

Table 1. Performance on FMAKv2 as each component
is added to the system. MIREX score punishes musically
plausible errors less heavily than raw accuracy.

To reduce the amount of parallel key errors, we compare85

the LLM’s prediction with AllConv’s, choosing AllConv’s86

prediction as the final output when both tonics match.87

This chord-LLM/AllConv hybrid system constitutes our88

submission to MIREX. The architecture as described here89

is pictured in Figure 2. We report metrics on FMAKv290

[1, 7] in Table 1.91

3. DATASETS92

This hybrid system does not require further training. How-93

ever, it was iteratively improved using insights from the94

FMAKv2 dataset, and therefore the reported metrics (Ta-95

ble 1) should not be taken as a measure of real world per-96

formance.97

Data used for training the system’s components should98

also be considered training material. The chord recognizer99

was trained on songs from the Isophonics, Billboard, and100

MARL datasets [3]. The AllConv model used as a fallback101

was trained on GiantSteps MTG, Billboard, and an unpub-102

lished classical music dataset [5]. Note that the GiantSteps103

MTG set specifically excludes the 604 GiantSteps tracks104

used for evaluation in the MIREX competition.105

Additionally, because we rely on Google’s commercial106

AI API, we cannot be certain exactly what data was used107

to train the LLM. The prompt includes only derived chords108

and chromagrams, so it is highly unlikely that the LLM has109

seen this data before.110

4. RESULTS111

We leave thorough evaluation of this system to the 2026112

MIREX competition.113

5. AI USAGE STATEMENT114

The author discloses the use of Claude Code as a pair pro-115

grammer in building the described system and running ex-116



periments. In addition, Claude Code was used to help pre-117

pare aspects of the manuscript, though the actual text is118

almost entirely human written with only light AI usage for119

spelling/grammar checks.120
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