
o What is Remixing:

• Manipulate level and/or effects of individual instrument tracks.
• Usually needs individual tracks, which are not always available.

o Traditional methods – Separate, then Remix

o Traditional methods are problematic

o Our method - Do not Separate, Learn to Remix
• First end-to-end neural method to jointly learn MSS + remixing.
• Higher-quality results for a wider range of volume changes.
• Focus

• Volume change range from -12 to 12 dB.
• Can deal with up to five sources.

Introduction

Haici Yang1, Shivani Firodiya1, Nicholas J. Bryan2, Minje Kim1

1 Indiana University, Luddy School of Informatics, Computing, and Engineering, Bloomington, IN, USA
2 Adobe Research, San Francisco, CA, USA
hy17@iu.edu

Don’t Separate, Learn to Remix: End-to-End Neural Remixing with Joint Optimization

ICASSP 2022 Source codes and demo:
https://saige.sice.indiana.edu/research-projects/neural-remixer

Paper ID
3310

Neural Remixer
Implicit Separation, 
Scaling, & Mixing

Remix

Gain Control

Original
Mix

User Interface

-12dB

-3dB

0dB

6dB

<latexit sha1_base64="mHZlCy8tqtGxiab+SJqs0U0jl4s=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIISklE1GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QVe60m8+pME/43bNgdtfTDweG+GmXlBIrg2rvvtrK1vbG5tF3aKu3v7B4elo+OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkaPM7/1gkrzWD6bcYJ+RAeSh5xRY6X6Za9UdivuHGSVeDkpQ45ar/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx+6IScW6VPwljZkobM1d8TGY20HkeB7YyoGeplbyZekSD6z++kJrz3My6T1KBki2VhKoiJyexz0ucKmRFjSyhT3N5L2JAqyozNp2iD8JbfXiXN64p3W/HqN+XqQx5JAU7hDC7AgzuowhPUoAEMEF5hCm+OdKbOu/OxaF1z8pkT+APn8wfWM43o</latexit>

+<latexit sha1_base64="oY+HwuIAS5sfR6M9G5jLULVKP5c=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4kJKIqBeh6MVjC/YD2lA220m7dLMJuxuhhP4Cr/UkXv1Jgv/GbZuDtj4YeLw3w8y8IBFcG9f9dtbWNza3tgs7xd29/YPD0tFxU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWjx5nfekGleSyfzThBP6IDyUPOqLFS/b5XKrsVdw6ySryclCFHrVf66vZjlkYoDRNU647nJsbPqDKcCZwUu6nGhLIRHWDHUkkj1H42P3RCzq3SJ2GsbElD5urviYxGWo+jwHZG1Az1sjcTL0kQ/ed3UhPe+RmXSWpQssWyMBXExGT2OelzhcyIsSWUKW7vJWxIFWXG5lO0QXjLb6+S5lXFu6l49ety9SGPpACncAYX4MEtVOEJatAABgivMIU3RzpT5935WLSuOfnMCfyB8/kD8cON+g==</latexit>=Reconstructed 
Guitar

<latexit sha1_base64="mHZlCy8tqtGxiab+SJqs0U0jl4s=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIISklE1GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QVe60m8+pME/43bNgdtfTDweG+GmXlBIrg2rvvtrK1vbG5tF3aKu3v7B4elo+OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkaPM7/1gkrzWD6bcYJ+RAeSh5xRY6X6Za9UdivuHGSVeDkpQ45ar/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx+6IScW6VPwljZkobM1d8TGY20HkeB7YyoGeplbyZekSD6z++kJrz3My6T1KBki2VhKoiJyexz0ucKmRFjSyhT3N5L2JAqyozNp2iD8JbfXiXN64p3W/HqN+XqQx5JAU7hDC7AgzuowhPUoAEMEF5hCm+OdKbOu/OxaF1z8pkT+APn8wfWM43o</latexit>

+

Ground-Truth Guitar Interfering Source (Drums) Artifact

<latexit sha1_base64="mHZlCy8tqtGxiab+SJqs0U0jl4s=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIISklE1GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QVe60m8+pME/43bNgdtfTDweG+GmXlBIrg2rvvtrK1vbG5tF3aKu3v7B4elo+OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkaPM7/1gkrzWD6bcYJ+RAeSh5xRY6X6Za9UdivuHGSVeDkpQ45ar/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx+6IScW6VPwljZkobM1d8TGY20HkeB7YyoGeplbyZekSD6z++kJrz3My6T1KBki2VhKoiJyexz0ucKmRFjSyhT3N5L2JAqyozNp2iD8JbfXiXN64p3W/HqN+XqQx5JAU7hDC7AgzuowhPUoAEMEF5hCm+OdKbOu/OxaF1z8pkT+APn8wfWM43o</latexit>

+<latexit sha1_base64="oY+HwuIAS5sfR6M9G5jLULVKP5c=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4kJKIqBeh6MVjC/YD2lA220m7dLMJuxuhhP4Cr/UkXv1Jgv/GbZuDtj4YeLw3w8y8IBFcG9f9dtbWNza3tgs7xd29/YPD0tFxU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWjx5nfekGleSyfzThBP6IDyUPOqLFS/b5XKrsVdw6ySryclCFHrVf66vZjlkYoDRNU647nJsbPqDKcCZwUu6nGhLIRHWDHUkkj1H42P3RCzq3SJ2GsbElD5urviYxGWo+jwHZG1Az1sjcTL0kQ/ed3UhPe+RmXSWpQssWyMBXExGT2OelzhcyIsSWUKW7vJWxIFWXG5lO0QXjLb6+S5lXFu6l49ety9SGPpACncAYX4MEtVOEJatAABgivMIU3RzpT5935WLSuOfnMCfyB8/kD8cON+g==</latexit>=Reconstructed 
Drums

<latexit sha1_base64="mHZlCy8tqtGxiab+SJqs0U0jl4s=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIISklE1GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QVe60m8+pME/43bNgdtfTDweG+GmXlBIrg2rvvtrK1vbG5tF3aKu3v7B4elo+OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkaPM7/1gkrzWD6bcYJ+RAeSh5xRY6X6Za9UdivuHGSVeDkpQ45ar/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx+6IScW6VPwljZkobM1d8TGY20HkeB7YyoGeplbyZekSD6z++kJrz3My6T1KBki2VhKoiJyexz0ucKmRFjSyhT3N5L2JAqyozNp2iD8JbfXiXN64p3W/HqN+XqQx5JAU7hDC7AgzuowhPUoAEMEF5hCm+OdKbOu/OxaF1z8pkT+APn8wfWM43o</latexit>

+

Interfering Source (Guitar)Ground-Truth Drums Artifact

<latexit sha1_base64="mHZlCy8tqtGxiab+SJqs0U0jl4s=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIISklE1GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QVe60m8+pME/43bNgdtfTDweG+GmXlBIrg2rvvtrK1vbG5tF3aKu3v7B4elo+OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkaPM7/1gkrzWD6bcYJ+RAeSh5xRY6X6Za9UdivuHGSVeDkpQ45ar/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx+6IScW6VPwljZkobM1d8TGY20HkeB7YyoGeplbyZekSD6z++kJrz3My6T1KBki2VhKoiJyexz0ucKmRFjSyhT3N5L2JAqyozNp2iD8JbfXiXN64p3W/HqN+XqQx5JAU7hDC7AgzuowhPUoAEMEF5hCm+OdKbOu/OxaF1z8pkT+APn8wfWM43o</latexit>

+<latexit sha1_base64="oY+HwuIAS5sfR6M9G5jLULVKP5c=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4kJKIqBeh6MVjC/YD2lA220m7dLMJuxuhhP4Cr/UkXv1Jgv/GbZuDtj4YeLw3w8y8IBFcG9f9dtbWNza3tgs7xd29/YPD0tFxU8epYthgsYhVO6AaBZfYMNwIbCcKaRQIbAWjx5nfekGleSyfzThBP6IDyUPOqLFS/b5XKrsVdw6ySryclCFHrVf66vZjlkYoDRNU647nJsbPqDKcCZwUu6nGhLIRHWDHUkkj1H42P3RCzq3SJ2GsbElD5urviYxGWo+jwHZG1Az1sjcTL0kQ/ed3UhPe+RmXSWpQssWyMBXExGT2OelzhcyIsSWUKW7vJWxIFWXG5lO0QXjLb6+S5lXFu6l49ety9SGPpACncAYX4MEtVOEJatAABgivMIU3RzpT5935WLSuOfnMCfyB8/kD8cON+g==</latexit>=Boosted Drums 
Reconstruction

<latexit sha1_base64="mHZlCy8tqtGxiab+SJqs0U0jl4s=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSIISklE1GPRi8cW7Ae0oWy2k3bpZhN2N0IJ/QVe60m8+pME/43bNgdtfTDweG+GmXlBIrg2rvvtrK1vbG5tF3aKu3v7B4elo+OmjlPFsMFiEat2QDUKLrFhuBHYThTSKBDYCkaPM7/1gkrzWD6bcYJ+RAeSh5xRY6X6Za9UdivuHGSVeDkpQ45ar/TV7ccsjVAaJqjWHc9NjJ9RZTgTOCl2U40JZSM6wI6lkkao/Wx+6IScW6VPwljZkobM1d8TGY20HkeB7YyoGeplbyZekSD6z++kJrz3My6T1KBki2VhKoiJyexz0ucKmRFjSyhT3N5L2JAqyozNp2iD8JbfXiXN64p3W/HqN+XqQx5JAU7hDC7AgzuowhPUoAEMEF5hCm+OdKbOu/OxaF1z8pkT+APn8wfWM43o</latexit>

+

Interfering Source (Guitar)Ground-Truth Drums Artifact
Causes inaccurate remixing

and bad artifacts

Models and Methods

o Conv-TasNet-like architecture [ Luo et.al 2019]
• Conv-TasNet provides a special setup that a latent space for

masking-based separation is explicitly learned.
• We replace the SISDR with regular SDR as the objective function

to train the models, to make them scale sensitive for remixing task.
• We propose two models based on the Conv-TasNet architecture:

• Model I jointly optimizes a separation and remix.

• Model II is similar but mult. remixing weights direct in latent space.

o Overall remixing quality
• Model-I&II outperform baseline, especially on different cases.
• The remix-only loss is preferred in most K = 2 and K = 3 cases.
• When the task gets harder, more separation control is preferred.

o Remixing performance vs remixing weights

o Separation performance vs remixing results
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Fig. 3: Source separation scores of the baseline (BL), Model-I (I), and Model-II (II) on Slakh (S) and MUSDB18 (M) for the four-source
cases. The first and last box groups are piano and guitars in the Slakh experiments, and vocals and others in the MUSDB18 case.

Fig. 4: Remix minSDR (left) and loudness difference (right) with
respect to vocal volume adjustment.

5.2. Vocal remix vs. loudness performance

In Figure 4, we display the change of remix quality and loudness
difference along with the extent of vocal volume control in the four-
source cases using MUSDB18. The x-axis represents adjusting the
level of vocal from �24 to +24 dB, while the other instruments are
kept unchanged. This intends to mimic the scenario where the user
can adjust the volume of one instrument source by turning a knob.

Figure 4 clearly shows that our proposed models outperform the
baseline consistently in all the remixing weight choices, with higher
reconstruction score and lower loudness difference. The trend is es-
pecially salient if the volume control amount is near 0 dB, that is
when the intended remix is similar to the input mix. It is noticeable
that the baseline’s minSDR score decreases almost monotonically as
the remix weights change, and the minimum loudness difference for
the baseline model deviated from 0 dB. These patterns indicate that,
when the target remix stays around the original mix, our proposed
models show more advantage as they can effectively focus on the ar-
tifacts rather than trying to suppress interference. Note that Model-I
addresses this issue only during training, while Model-II is capable
of reflecting the remixing weights to the decoding process during
testing. Meanwhile, for the baseline model, the artifact and interfer-
ence contained in different source estimates stand out as distortion
once they are remixed and summed up. Therefore, monotonic con-
trol of a source estimate can consequently monotonically influence
the total remix quality. For the same reason, the loudness differ-
ence curve is asymmetric, where the low volume side has relatively
smaller differences.

Because of the reason stated above, our proposed models’ per-
formance changes are more predictable—the performance graphs
share a similar pattern in all experiments on various instruments,
datasets, and both proposed models, providing a stable user expe-
rience. Their asymmetric shape is caused by our setup where we
boost or suppress only one source: boosting tends to exhibit more
artifacts. In contrast, the baseline’s performance is less predictable.
For some sources, volume amplification has a negative impact while
others suffer from a reduced volume. This observation echoes the

baseline’s behavior reported in Figure 3, where performance varies
a lot over the choice of source.

It is interesting to note that, although Model-I does not have any
inference-time mechanism to adjust the separation behavior accord-
ing to the different remixing weights, it still performs on par with
Model-II. We believe that to achieve a good sound quality for remix-
ing, it is most crucial to reduce the artifacts produced in the sepa-
ration step, and these two proposed models almost reach the same
level in pursuing this goal. However, we believe that Model-II’s
source control in the latent space is a potentially more useful ap-
proach to more complex remixing tasks beyond volume adjustment
such as source-specific nonlinear filtering.

5.3. Music source separation performance

To investigate the impact of our remix loss on the separation behav-
ior, we compute the improvement of the SDR, SIR and SAR of the
three models’ separation results using the BSS Eval toolbox [24]
compared to the input SDR and SIR. For this experiment, we run the
models on four-source mixtures, and set (� :  ) = (1 : 4). Figure 3
summarizes the results.

Without any remix loss, the baseline fails in recovering certain
instruments, i.e., piano and guitars in the Slakh experiments,
and vocals and bass in the MUSDB18 case. We observe that
the performance gap mostly comes from the SAR scores, while the
SIR improvement is less drastic. This signifies our neural remixers’
tendency to suppress artifacts as much as possible as the source-
specific artifacts do not cancel out. Meanwhile, it also shows that
the proposed remixing loss benefits general separation performance
according to the SIR improvement.

6. CONCLUSION

We introduced a neural remixing model that works directly on the
music mixture instead of assuming separated source tracks. Instead
of a conventional separator-remixer workflow, we integrated the two
processes into an end-to-end neural remixer via joint optimization.
Results on Slakh and MUSDB18 showed that our proposed joint
learning of remixing and separation greatly reduces artifacts caused
by the process of source separation. Therefore, our models achieved
significant improvement in the remix quality. From the perspective
of user interaction, we demonstrated that the relationship between
the estimated remix and the intended one is reasonably correlated
as opposed to that induced from the baseline model. Sound exam-
ples and source code are available at https://saige.sice.
indiana.edu/research-projects/neural-remixer
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Fig. 3: Source separation scores of the baseline (BL), Model-I (I), and Model-II (II) on Slakh (S) and MUSDB18 (M) for the four-source
cases. The first and last box groups are piano and guitars in the Slakh experiments, and vocals and others in the MUSDB18 case.

Fig. 4: Remix minSDR (left) and loudness difference (right) with
respect to vocal volume adjustment.

5.2. Vocal remix vs. loudness performance

In Figure 4, we display the change of remix quality and loudness
difference along with the extent of vocal volume control in the four-
source cases using MUSDB18. The x-axis represents adjusting the
level of vocal from �24 to +24 dB, while the other instruments are
kept unchanged. This intends to mimic the scenario where the user
can adjust the volume of one instrument source by turning a knob.

Figure 4 clearly shows that our proposed models outperform the
baseline consistently in all the remixing weight choices, with higher
reconstruction score and lower loudness difference. The trend is es-
pecially salient if the volume control amount is near 0 dB, that is
when the intended remix is similar to the input mix. It is noticeable
that the baseline’s minSDR score decreases almost monotonically as
the remix weights change, and the minimum loudness difference for
the baseline model deviated from 0 dB. These patterns indicate that,
when the target remix stays around the original mix, our proposed
models show more advantage as they can effectively focus on the ar-
tifacts rather than trying to suppress interference. Note that Model-I
addresses this issue only during training, while Model-II is capable
of reflecting the remixing weights to the decoding process during
testing. Meanwhile, for the baseline model, the artifact and interfer-
ence contained in different source estimates stand out as distortion
once they are remixed and summed up. Therefore, monotonic con-
trol of a source estimate can consequently monotonically influence
the total remix quality. For the same reason, the loudness differ-
ence curve is asymmetric, where the low volume side has relatively
smaller differences.

Because of the reason stated above, our proposed models’ per-
formance changes are more predictable—the performance graphs
share a similar pattern in all experiments on various instruments,
datasets, and both proposed models, providing a stable user expe-
rience. Their asymmetric shape is caused by our setup where we
boost or suppress only one source: boosting tends to exhibit more
artifacts. In contrast, the baseline’s performance is less predictable.
For some sources, volume amplification has a negative impact while
others suffer from a reduced volume. This observation echoes the

baseline’s behavior reported in Figure 3, where performance varies
a lot over the choice of source.

It is interesting to note that, although Model-I does not have any
inference-time mechanism to adjust the separation behavior accord-
ing to the different remixing weights, it still performs on par with
Model-II. We believe that to achieve a good sound quality for remix-
ing, it is most crucial to reduce the artifacts produced in the sepa-
ration step, and these two proposed models almost reach the same
level in pursuing this goal. However, we believe that Model-II’s
source control in the latent space is a potentially more useful ap-
proach to more complex remixing tasks beyond volume adjustment
such as source-specific nonlinear filtering.

5.3. Music source separation performance

To investigate the impact of our remix loss on the separation behav-
ior, we compute the improvement of the SDR, SIR and SAR of the
three models’ separation results using the BSS Eval toolbox [24]
compared to the input SDR and SIR. For this experiment, we run the
models on four-source mixtures, and set (� :  ) = (1 : 4). Figure 3
summarizes the results.

Without any remix loss, the baseline fails in recovering certain
instruments, i.e., piano and guitars in the Slakh experiments,
and vocals and bass in the MUSDB18 case. We observe that
the performance gap mostly comes from the SAR scores, while the
SIR improvement is less drastic. This signifies our neural remixers’
tendency to suppress artifacts as much as possible as the source-
specific artifacts do not cancel out. Meanwhile, it also shows that
the proposed remixing loss benefits general separation performance
according to the SIR improvement.

6. CONCLUSION

We introduced a neural remixing model that works directly on the
music mixture instead of assuming separated source tracks. Instead
of a conventional separator-remixer workflow, we integrated the two
processes into an end-to-end neural remixer via joint optimization.
Results on Slakh and MUSDB18 showed that our proposed joint
learning of remixing and separation greatly reduces artifacts caused
by the process of source separation. Therefore, our models achieved
significant improvement in the remix quality. From the perspective
of user interaction, we demonstrated that the relationship between
the estimated remix and the intended one is reasonably correlated
as opposed to that induced from the baseline model. Sound exam-
ples and source code are available at https://saige.sice.
indiana.edu/research-projects/neural-remixer

• Model I&II
outperform the
baseline in all the 
remixing weight 
choices.

• The baseline fails in recovering 
certain instruments.

• The performance gap mostly 
comes from the SAR scores

• Our neural remixer improve the
remix quality by improving SAR
and SIR.

(a) minSDR changes with vocal volume (b) LD changes with vocal volume

minSDR / LD Baseline Model-I Model-II
Train + Test K ( : �) = (0 : 1) ( : �) = (1 : 1) ( : �) = (K : 1) ( : �) = (1 : 0) ( : �) = (1 : 1) ( : �) = (K : 1) ( : �) = (1 : 0)

Slakh
+

Slakh

2 28.24 / 0.18 24.59 / 0.31 27.63 / 0.21 28.84 / 0.19 27.35 / 0.19 28.34 / 0.21 27.16 / 0.19
3 18.72 / 0.67 19.88 / 0.8 19.7 / 0.87 21.26 / 0.67 20.09 / 0.69 19.81 / 0.77 19.26 / 0.81
4 0.22 / 8.42 16.48 / 1.54 15.24 / 1.85 15.57 / 1.72 16.8 / 1.57 15.16 / 1.79 17.23 / 1.51
5 -4.08 / 11.31 7.92 / 3.87 12.2 / 3.2 11.71 / 3.34 8.24 / 3.86 12.44 / 3.15 11.5 / 3.45

MUSDB18
+

Slakh

2 23.83 / 0.35 23.19 / 0.47 23.01 / 0.45 24.96 / 0.39 23.99 / 0.44 23.97 / 0.41 25.15 / 0.35
3 11.88 / 1.64 14.13 / 1.72 13.37 / 1.94 15.3 / 1.6 15.2 / 1.56 14.76 / 1.49 15.15 / 1.68
4 -6.06 / 7.85 9.74 / 2.78 9.94 / 2.8 9.19 / 3.05 9.63 / 2.88 10.2 / 2.78 9.73 / 3.01

MUSDB18
+

MUSDB18

2 17.33 / 0.92 17.55 / 0.98 17.28 / 0.88 18.08 / 0.95 17.7 / 0.96 17.87 / 0.84 18.13 / 0.97
3 11.82 / 1.94 13.37 / 1.93 12.52 / 2.29 14.49 / 1.72 14.17 / 1.71 14.13 / 1.64 14.15 / 1.94
4 -9.16 / 10.1 10.16 / 2.93 11.01 / 2.85 9.84 / 3.26 10.49 / 2.97 10.95 / 3.0 10.01 / 3.27

Slakh
+

MUSDB18

2 12.26 / 1.61 14.54 / 1.31 14.54 / 1.39 14.71 / 1.36 14.25 / 1.42 15.1 / 1.29 13.43 / 1.56
3 8.27 / 2.59 9.37 / 2.85 10.16 / 2.73 10.21 / 2.75 9.69 / 2.72 10.18 / 2.62 10.57 / 2.48
4 -6.33 / 9.88 7.46 / 3.77 8.44 / 3.66 8.34 / 3.65 7.75 / 3.68 8.29 / 3.68 8.06 / 3.76

Table 1: Cross-dataset evaluation on minSDR and loudness difference (LD) for re-mixture construction.

virtual instruments, the MUSDB18 samples are real professional-
level recordings. However, the quantity of MUSDB18 is often not
enough to train a large model that generalizes well to real-world
music signals. We first train and test within each dataset indepen-
dently. Cross-database testing follows, i.e., train on Slakh and test
on MUSDB18, and vice versa. In MUSDB18, we use the sources in
the order of vocals, drums, bass, and other. For two-source
experiments, for example, we use vocals and drums to build the
mixture. As for Slakh, we test up to five sources in the following
order: piano, drums, bass, guitars and string.

4.2. Training setup

We build our models and experiments off of Asteroid’s Conv-TasNet
implementation [25]. We fix the order of the sources and do not use
permutation invariant training (PIT) [26]. We use the entire training
set for training (⇠48h for Slakh and ⇠6h for MUSDB18), and split
the original test set (⇠12h and 3h respectively) into validation and
test sets evenly. The model is trained on one-second segments until
the validation loss does not improve in 50 consecutive epochs. Only
segments with all instruments active are included during training as
we found this was better than having segments with silent instru-
ments in initial experiments. For evaluation, no such restriction is
applied. Adam is used as the optimizer with an initial learning rate
of 1⇥10�3 [27]. During training, the K remix weights are sampled
randomly from the range between �12 to 12 dB and used to form
the target remix segments. All signals are sampled at 44, 100 kHz.

For our training loss, we substitute the original scale-invariant
signal-to-distortion ratio (SI-SDR) loss function [28] in Conv-
TasNet with bss eval images’s SDR [24] (equals to the classical
source-to-noise ratio (SNR) ) to suit the scale-sensitive problem. The
scale-dependent SDR (SD-SDR) proposed together with SI-SDR is
potentially another choice for general scaling control. However,
the nature of SD-SDR is that it is insensitive to large up-scaling
factors, while our model is designed to tackle both downside and
upside scales. We also did an initial experiment comparing SDR and
SD-SDR as the loss and results support our choice for SDR.

4.3. Evaluation setup

For evaluation, we explicitly evaluate the remix task, by synthesizing
several representative ground-truth remix mixtures and then compar-
ing our estimated remix mixtures to this ground truth. To create the
remixes, we manipulate one source at a time ranging from �24 to
+24 dB with a step size of 3 dB, totaling 17 discretized values, and
sum the evaluation scores of those different remix cases. This range

is twice wider than that used for training. We repeat the experiment
for all K sources, individually. Note, while we focus on the com-
mon one-source manipulation cases for evaluation, our models can
control multiple sources at the same time. After several initial ex-
periments, we decided on a minimal set of handcrafted values for
the weights of  and �, i.e. (� : �) = {(1 : 1), (K : 1), (1 : 0)}, to
best highlight the interaction between our separation loss and remix-
ture loss. One can also view the baseline as a special case of Model-I,
where the (� : �) = (0 : 1).

We objectively assess our models output based on the two crite-
ria suggested in [29], sound quality and loudness balance, given the
ground-truth remix mixtures. We considered using SDR or SD-SDR
to measure sound quality. By nature, SD-SDR properly accounts
for down-scaling errors and are less sensitive to up-scaling errors,
while SDR performs in the opposite manner. Given that both the
up-scaling and down-scaling in our problem is critical, we calcu-
late both SDR and SD-SDR values and take the minimum of them
as the final measure, per suggested by [28], and we denote it as
minSDR. To evaluate the loudness balance, we consider the sources
remixed in a linear time-invariant manner, and decompose the esti-
mated re-mixture using a least squares algorithm. The coefficients
obtained for each source in the process can be viewed as the ac-
tual scaling factors that have built the estimated re-mixture. Given
the output and target scalars, we report the loudness difference in
decibels. Finally, we additionally compute the SIR and SAR scores
using bss eval images to investigate the impact of remixing on
the separation behavior.

5. RESULTS AND DISCUSSION

5.1. Average remix performance

We report the minSDR and loudness difference of the estimated
remix compared to the ground truth in Table 1. Overall, both our
proposed models achieve a better remix quality than the baseline,
and the improvement is more significant as the number of sources
increases. The same trend can be found in the cross-database testing
cases. We found no difference between Model-I and II.

When we look at the merit of our remix loss controlled by  , we
find: 1) the remix-only loss ((� :  ) = (0 : 1)) is preferred in all
but one K = 2 and K = 3 cases; 2) when the number of sources
increases or the task gets harder (e.g., doing the cross-database test),
it is beneficial to have higher � for better separation control, i.e.
(� :  ) = (1 : 4), and 3) the proposed loss causes the significant
performance gap between the baseline and proposed models, as the
baseline model uses  = 0.

Experimental Design

o Datasets
o MUSDB18 and Slakh with cross dataset evaluation.

• Baseline
• ConvTasNet-based separation + remix.

o Evaluation Criterion
• minSDR: the minimum of SDR and SDSDR. [Le Roux et.al 2018]
• Loudness difference: the difference between target loudness scale

and the output ones for each instrumental source.
• Ablation

• Different loss weight ratios: 𝜓: 𝜆 = (1: 1) , (4: 1), (1: 0)
• When λ = 0, model is solely trained towards the remix objective.

• Model I&II have distinctively better performance when the volume
adjust amount is near 0 dB – more predictable.

• By involving the remixing weights into the feed-forward process,
Model-II can potentially associate separation behavior with the
remix weights

Results
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