
We thank the reviewers for their careful consideration and their feedback, our short replies are provided below.1

General response for Reviewers 1 & 2. -“Can the results be extended to convex loss functions?”.2

Response: We studied the convergence analysis of our proposed method for strongly-convex and non-convex settings3

in the paper. Indeed, we can extend our results to the convex case by choosing the stepsizes (α, ε) = (T−δ/4, T−3δ/4)4

which will lead to a sublinear rate of f( 1
T

∑T
t=1 x̄t)− f∗ ≤ O(T−δ/2) for any δ ∈ (0, 1/2). Here is a sketch of the5

proof. Note that our approach to prove the convergence in the strongly-convex case was two-folded: to show that (1) the6

sequence of our method xt converges to the optimizer of the penalty function x∗
α; and (2) x∗

α converges to the global7

optimizer x∗. Similarly in eq. (20) but for convex loss, we have 2(hα(xt)− h∗α) ≤ ε−1E‖xt − x∗
α‖2 − ε−1E‖xt+1 −8

x∗
α‖2 + εE‖∇̃hα(xt)‖2. Together with eq. (21), we can simplify the previous telescopic sum and conclude the9

convergence of hα( 1
T

∑T
t=1 xt)− h∗α. Moreover, for the picked stepsizes, we can use the proof of standard SGD for10

convex losses and show that α−1h∗α → f∗, as well α−1hα( 1
T

∑T
t=1 xt)→ f( 1

T

∑T
t=1 x̄t), all at rate O(T−δ/2).11

Reviewer 1. -“Could you remove the assumption that variance of quantization ≤ σ2 and allow it grow with ‖x‖?”.12

Response: Yes! For both strongly-convex and non-convex losses, we can assume that E‖Q(x)− x‖2 ≤ σ2‖x‖2 and13

modify the proof as follows. For strongly-convex, in eq. (21) we’ll have E‖zt − xt‖2 ≤ σ2‖xt‖2 ≤ 2σ2‖xt − x∗
α‖2 +14

2σ2‖x∗
α‖2. The first term ‖xt − x∗

α‖2 can be simply merged in eq. (22); and the second term can be bounded as15

‖x∗
α‖2 ≤ 2‖x∗

α−x∗‖2+2‖x∗‖2 where ‖x∗
α−x∗‖2 decays byO(T−δ) and ‖x∗‖2 ≤ 2(f(0)−f∗)/µ. For non-convex16

settings, we can follow the proof in the paper and replace E‖zt − xt‖2 ≤ σ2‖xt‖2 ≤ 2σ2‖xt − x̄t‖2 + 2σ2‖x̄t‖2 in17

eq. (37). The first term is consensus error and will be merged in T1 in eq. (39). The second term can be bounded18

by noting that the function value decreases at each iteration and considering the typical assumption that f(x)→∞19

when ‖x‖ → ∞. On the other hand, quantizers satisfying E‖Q(x)− x‖2 ≤ σ2 are indeed common in both theory and20

practice; e.g., the low-precision quantizer, randomly rounding operator, quantization sparsifier studied in ref. [61].21

-“Eq 10 should include the cost of computing the average iterate since in this paper, communication time is a bottleneck.”.22

Response: Computing the average iterate contains vector-scalar multiplication and vector-vector addition; however, it23

is known in systems literature that these are negligible and the dominant computation cost/time is induced by matrix24

multiplication (e.g. gradient computation for least-squares) which we have modeled in the paper. Moreover, eq. (10)25

characterizes the convergence rate vs. iterations (and not wall-clock time).26 Asynchronous-DSGD QuanTimed-DSGD
no

de
s

B1,1
<latexit sha1_base64="mphjDCRZyxzgER15UFpO5De8a9E=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY+lXjxWsB/QhrLZTtqlm03Y3Qgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSK4Nq777aytb2xubRd2irt7+weHpaPjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GdzO//YRK81g+mkmCfkSHkoecUWOldr2feZfetF8quxV3DrJKvJyUIUejX/rqDWKWRigNE1Trrucmxs+oMpwJnBZ7qcaEsjEdYtdSSSPUfjY/d0rOrTIgYaxsSUPm6u+JjEZaT6LAdkbUjPSyNxP/87qpCW/9jMskNSjZYlGYCmJiMvudDLhCZsTEEsoUt7cSNqKKMmMTKtoQvOWXV0mrWvGuKtWH63KtnsdRgFM4gwvw4AZqcA8NaAKDMTzDK7w5ifPivDsfi9Y1J585gT9wPn8AWOSO6w==</latexit>

B2,1
<latexit sha1_base64="ectsgbryvmjeeCnfTNovHMEhkOs=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY+lXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dtbWNza3tgs7xd29/YPD0tFxy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvpv57SeujYjVI04S7kd0qEQoGEUrtev9rHrpTfulsltx5yCrxMtJGXI0+qWv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/Nz52Sc6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjrZ0IlKXLFFovCVBKMyex3MhCaM5QTSyjTwt5K2IhqytAmVLQheMsvr5JWteJdVaoP1+VaPY+jAKdwBhfgwQ3U4B4a0AQGY3iGV3hzEufFeXc+Fq1rTj5zAn/gfP4AWmuO7A==</latexit>

B3,1
<latexit sha1_base64="SWddeQLnVPa8nHsPdvyNoo8Uh08=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgQcJuIugxxIvHCOYByRJmJ5NkyOzsMtMrhCUf4cWDIl79Hm/+jZNkD5pY0FBUddPdFcRSGHTdbye3sbm1vZPfLeztHxweFY9PWiZKNONNFslIdwJquBSKN1Gg5J1YcxoGkreDyd3cbz9xbUSkHnEacz+kIyWGglG0UrveT6tX3qxfLLlldwGyTryMlCBDo1/86g0iloRcIZPUmK7nxuinVKNgks8KvcTwmLIJHfGupYqG3Pjp4twZubDKgAwjbUshWai/J1IaGjMNA9sZUhybVW8u/ud1Exze+qlQcYJcseWiYSIJRmT+OxkIzRnKqSWUaWFvJWxMNWVoEyrYELzVl9dJq1L2quXKw3WpVs/iyMMZnMMleHADNbiHBjSBwQSe4RXenNh5cd6dj2VrzslmTuEPnM8fW/KO7Q==</latexit>

B1,3
<latexit sha1_base64="eP6ISdn+2e4h9OEcKWZu10WvV/k=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgQcJuIugxxIvHCOYByRJmJ5NkyOzsMtMrhCUf4cWDIl79Hm/+jZNkD5pY0FBUddPdFcRSGHTdbye3sbm1vZPfLeztHxweFY9PWiZKNONNFslIdwJquBSKN1Gg5J1YcxoGkreDyd3cbz9xbUSkHnEacz+kIyWGglG0UrveT72r6qxfLLlldwGyTryMlCBDo1/86g0iloRcIZPUmK7nxuinVKNgks8KvcTwmLIJHfGupYqG3Pjp4twZubDKgAwjbUshWai/J1IaGjMNA9sZUhybVW8u/ud1Exze+qlQcYJcseWiYSIJRmT+OxkIzRnKqSWUaWFvJWxMNWVoEyrYELzVl9dJq1L2quXKw3WpVs/iyMMZnMMleHADNbiHBjSBwQSe4RXenNh5cd6dj2VrzslmTuEPnM8fW+6O7Q==</latexit>

B1,2
<latexit sha1_base64="CQPTxQYaU3Hv0n8v66ZrFtZ+D98=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4kJJUQY+lXjxWsB/QhrLZbtqlm03YnQgl9Ed48aCIV3+PN/+N2zYHbX0w8Hhvhpl5QSKFQdf9dtbWNza3tgs7xd29/YPD0tFxy8SpZrzJYhnrTkANl0LxJgqUvJNoTqNA8nYwvpv57SeujYjVI04S7kd0qEQoGEUrtev9zLusTvulsltx5yCrxMtJGXI0+qWv3iBmacQVMkmN6Xpugn5GNQom+bTYSw1PKBvTIe9aqmjEjZ/Nz52Sc6sMSBhrWwrJXP09kdHImEkU2M6I4sgsezPxP6+bYnjrZ0IlKXLFFovCVBKMyex3MhCaM5QTSyjTwt5K2IhqytAmVLQheMsvr5JWteJdVaoP1+VaPY+jAKdwBhfgwQ3U4B4a0AQGY3iGV3hzEufFeXc+Fq1rTj5zAn/gfP4AWmmO7A==</latexit>

B<latexit sha1_base64="wW6OXYFoJg3RvlrYIdlxqPzQzSE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI8ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9YvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia89adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWpWyd1WuNK5L1VoWRx7O4BwuwYMbqMI91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJWvjMo=</latexit>

B<latexit sha1_base64="wW6OXYFoJg3RvlrYIdlxqPzQzSE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI8ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9YvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia89adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWpWyd1WuNK5L1VoWRx7O4BwuwYMbqMI91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJWvjMo=</latexit>

B<latexit sha1_base64="wW6OXYFoJg3RvlrYIdlxqPzQzSE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI8ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9YvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia89adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWpWyd1WuNK5L1VoWRx7O4BwuwYMbqMI91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJWvjMo=</latexit> B<latexit sha1_base64="wW6OXYFoJg3RvlrYIdlxqPzQzSE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI8ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9YvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia89adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWpWyd1WuNK5L1VoWRx7O4BwuwYMbqMI91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJWvjMo=</latexit>

Td
<latexit sha1_base64="tnLklODrd7/V+uwdvEXzaIk/uw8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rFiv6ANZbOZtEs3m7C7EUrpT/DiQRGv/iJv/hu3bQ7a+mDg8d4MM/OCVHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctnWSKYZMlIlGdgGoUXGLTcCOwkyqkcSCwHYzuZn77CZXmiWyYcYp+TAeSR5xRY6XHRj/sl8puxZ2DrBIvJ2XIUe+XvnphwrIYpWGCat313NT4E6oMZwKnxV6mMaVsRAfYtVTSGLU/mZ86JedWCUmUKFvSkLn6e2JCY63HcWA7Y2qGetmbif953cxEN/6EyzQzKNliUZQJYhIy+5uEXCEzYmwJZYrbWwkbUkWZsekUbQje8surpFWteJeV6sNVuXabx1GAUziDC/DgGmpwD3VoAoMBPMMrvDnCeXHenY9F65qTz5zAHzifPyNyjbM=</latexit>

Td
<latexit sha1_base64="tnLklODrd7/V+uwdvEXzaIk/uw8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rFiv6ANZbOZtEs3m7C7EUrpT/DiQRGv/iJv/hu3bQ7a+mDg8d4MM/OCVHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctnWSKYZMlIlGdgGoUXGLTcCOwkyqkcSCwHYzuZn77CZXmiWyYcYp+TAeSR5xRY6XHRj/sl8puxZ2DrBIvJ2XIUe+XvnphwrIYpWGCat313NT4E6oMZwKnxV6mMaVsRAfYtVTSGLU/mZ86JedWCUmUKFvSkLn6e2JCY63HcWA7Y2qGetmbif953cxEN/6EyzQzKNliUZQJYhIy+5uEXCEzYmwJZYrbWwkbUkWZsekUbQje8surpFWteJeV6sNVuXabx1GAUziDC/DgGmpwD3VoAoMBPMMrvDnCeXHenY9F65qTz5zAHzifPyNyjbM=</latexit>

Td
<latexit sha1_base64="tnLklODrd7/V+uwdvEXzaIk/uw8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rFiv6ANZbOZtEs3m7C7EUrpT/DiQRGv/iJv/hu3bQ7a+mDg8d4MM/OCVHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctnWSKYZMlIlGdgGoUXGLTcCOwkyqkcSCwHYzuZn77CZXmiWyYcYp+TAeSR5xRY6XHRj/sl8puxZ2DrBIvJ2XIUe+XvnphwrIYpWGCat313NT4E6oMZwKnxV6mMaVsRAfYtVTSGLU/mZ86JedWCUmUKFvSkLn6e2JCY63HcWA7Y2qGetmbif953cxEN/6EyzQzKNliUZQJYhIy+5uEXCEzYmwJZYrbWwkbUkWZsekUbQje8surpFWteJeV6sNVuXabx1GAUziDC/DgGmpwD3VoAoMBPMMrvDnCeXHenY9F65qTz5zAHzifPyNyjbM=</latexit>

B<latexit sha1_base64="wW6OXYFoJg3RvlrYIdlxqPzQzSE=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI8ELx4hkUcCGzI79MLI7OxmZtaEEL7AiweN8eonefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfju7nffkKleSwfzCRBP6JDyUPOqLFSo9YvltyyuwBZJ15GSpCh3i9+9QYxSyOUhgmqdddzE+NPqTKcCZwVeqnGhLIxHWLXUkkj1P50ceiMXFhlQMJY2ZKGLNTfE1MaaT2JAtsZUTPSq95c/M/rpia89adcJqlByZaLwlQQE5P512TAFTIjJpZQpri9lbARVZQZm03BhuCtvrxOWpWyd1WuNK5L1VoWRx7O4BwuwYMbqMI91KEJDBCe4RXenEfnxXl3PpatOSebOYU/cD5/AJWvjMo=</latexit>

-“Explain the difference between deadline-based & asynchronous”.27

Response: The top figure schematically shows the differences between28

deadline-based and asynchronous methods. In particular, in Asynchronous29

DSGD, each worker continuously updates its local model according to the30

most recent models of its neighbours, while in our deadline-based method,31

each worker computes a batched gradient by the deadline Td (with a32

random size depending on the speed) and then updates synchronously with33

other workers. We will add this discussion in the revised paper.34

Reviewer 3. -“Experiments are too simple to show the efficacy of the35

method, merely MNIST/CIFAR10. Size of the neural network is too small.”.36

Response: We have conducted more experiments over the ImageNet37

dataset which is known as a complicated dataset. As the middle figure38

demonstrates, for a binary classification, our method significantly im-39

proves upon the benchmarks over this dataset as well. We also carried40

out experiments on a deeper neural network with 4 hidden layers and41

our method provides significant speedups over the benchmarks (bottom42

figure). This further demonstrates that our method is less sensitive to the43

dataset or the neural network. Nevertheless, we would like to highlight that44

our focus in this paper is to develop the theory of a provably converging,45

straggler-resilient and communication-efficient framework.46

-“Whats the activation function for the fully connected neural network?47

If the ReLU activation was used, the tested loss function is not smooth.”48

Response: In all experiments, a sigmoid function is used as the activation49

function for the neural network which makes the loss function smooth and50

hence compatible with the theory. Extending our results to the nonsmooth51

losses (e.g. ReLU) is our future direction.52

-“First order stochastic methods are sensitive to learning rate. The authors should report results with well-tuned rates.”.53

Response: All the numerical results in our original submission indeed correspond to well-tuned learning rates; we will54

highlight this point in the revised paper.55


