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ABSTRACT

To render each generated token in real-time for users, the Large
Language Model (LLM) server generates tokens one by one and
streams each token (or group of a few tokens) through the network
to the user right after generation, which we refer to as LLM token
streaming. However, under unstable network conditions, the LLM
token streaming experience could suffer greatly from stalls since
one packet loss could block the rendering of later tokens even if the
packets containing them arrive on time. With a measurement study,
we show that current applications suffer from increased stalls under
unstable networks.

For this emerging token streaming problem in LLM Chatbots that
differs from previous multimedia and text applications, we propose
a novel transmission scheme, called Eloquent, which puts newly
generated tokens as well as currently unacknowledged tokens in the
next outgoing packet. This ensures that each packet contains some
new tokens and, in the meantime, is independently rendered when
received, avoiding the aforementioned stalls caused by missing
packets. Through simulation under various networks, we show
Eloquent reduces stall ratio (proportion of token rendering wait
time) by 71.0% compared to the retransmission method commonly
used by real chatbot applications and by 31.6% compared to the
baseline packet duplication scheme. By tailoring Eloquent to fit
the token-by-token generation of LLM, we enable the Chatbots to
respond like an eloquent speaker for users to better enjoy pervasive
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Figure 1: LLM Chatbot Token Streaming Pipeline. We aim to improve
the transmission part (Blue Starred 5a, 7a)

1 INTRODUCTION

Large Language Models (LLMs) are growing more and more pop-
ular [4-6]. One of the most important use cases is the Chatbots
that utilize LLM models to take in user prompts and send back
real-time responses to answer user queries. [7-9]. Significant effort
has been made in the machine learning and system community to
generate better responses more efficiently [16, 22, 25, 36, 39, 41].
However, the streaming of these generated tokens to users is also
critical. Having intermittent stalls during transmission could break
the smoothness of interaction and damage user experience.

In a token streaming pipeline of LLM Chatbot, tokens are gen-
erated in the cloud data center after the data center receives the
prompt. After each token is generated, they are sent over the wide-
area network to reach the client device. If some packets are dropped
or significantly delayed in the network, the client will need to wait
for packets to be retransmitted from the sender. This could cause
an undesired stall for token streaming since all later tokens need
to wait for previous ones to arrive at the receiver before being
rendered.

As Al services become ubiquitous, people could use these LLM
Chatbot services anywhere, including places where intermittent
connections happen, such as on railway [29, 40] or using a lossy wifi
link [42]. To observe how current applications perform under such
scenarios, we conducted a measurement study to understand how
an unstable network affects ChatGPT Streaming API. By reading the
packet traces, we see that these applications rely on retransmission
to handle packet loss, which aggravates the long stall. Moreover,
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Figure 2: An illustrative example. When the packets containing the first two tokens are lost, Eloquent significantly reduces stall with the similar
overall sending rate, compared to TCP or duplicating each packet twice. We use #1, #2, #3 to represent the newly generated tokens in later columns

and only show ACKs that could signal retransmission.

we see an interesting pattern—after some packets are lost, the sub-
sequent packets containing newer tokens may arrive earlier than
the retransmission packet. Even so, no more new tokens could be
rendered as they are blocked by the lost tokens. Every token must
still wait for retransmission before rendering. However, under an
unstable network, the Round Trip Time (RTT) could be long [18].
This means that all retransmission mechanisms in TCP will suffer
from a long response delay, and this causes stall [20, 30]. A nat-
ural solution is to add redundancy. Unfortunately, sending more
duplicated packets together with the original token could fail if
the connection was lossy during that time. Sending Forward Error
Correction (FEC) packets at the end of a token group will only help
after FEC packets arrive at the end, which could already be too late.

Although text streaming is not entirely new, but token stream-
ing differs in a few key aspects. For instance, collaborative editors
(like Overleaf or Google Docs) also stream keystrokes from users.
However, compared to LLM’s token generation speed, the typical
rate at which users manually type words is arguably slower [11],
making TCP retransmission a sensible solution to handle packet
loss without backlogging words on the sender side. On the other
hand, virtual assistants do automatically generate responses. Still,
until recently, their text generation models were fast enough to
produce the entire response before sending the response to the user
as a whole [1]. In contrast, LLMs generate tokens autoregressively,
so every token has to be sent out to users as soon as possible in
order to ensure a smooth user experience.

To tackle this new token streaming problem under unstable net-
works, we proposed a novel transmission scheme, Eloquent, that
provides a smooth token streaming experience and transforms Chat-
bot into a more eloquent speaker under various network conditions
by adding smart redundancy. Demonstrated in Fig 2, Eloquent adds
unacked tokens, defined as tokens whose packets have been sent but
have not been ACK’ed by the receiver, into the packet of the newly
generated token. It prepares each packet in such a way that each
received packet contains sufficient information for the rendering
of the new token contained inside, preventing the retransmission
blocking issue discussed above.
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Through our simulation under various network conditions, Elo-
quent can reduce stall ratio® by 71.0% compared to the retransmis-
sion method used by TCP, and by 31.6% with less total data sent
than baseline packet duplication method.

Admittedly, there remain challenges in deploying Eloquent in-
side real-world protocols like RTP or QUIC. We hope this work
sparks more discussion around taking system components outside
datacenters into consideration in the LLM serving pipeline. For this
end, we list several future research directions in §5 along this path.

2 BACKGROUND AND MOTIVATION

2.1 Token Streaming

We provide a brief end-to-end overview of the current LLM Chatbot
streaming pipeline in Fig. 1. First, the user enters a prompt, which
is then sent to the cloud data center. In the data center, the prompt
is split into tokens (partial or full words). These tokens then go
through a prefill phase to process the prompt in a parallel fashion.
After the prefill phase, the model iteratively generates the next
token with the current sentence, appends the new token to the
sentence, and repeats the process until an end-of-sentence (EOS)
token is generated. In this output phase, the latest generated tokens
are sent to the user through the network right after the generation,
rather than waiting for all tokens to be generated, in order to provide
a real-time streaming experience. The tokens are rendered on the
screen in the order that they are generated. In this paper, we focus
on the transmission step of token streaming under unstable network
conditions.

2.2 Application Measurement

As LLM Chatbots are becoming more pervasive in our lives, it
is important that the services deliver smooth experiences under
different network conditions. However, as previous research and
reports [2, 29, 31, 40, 42] have pointed out, intermittent connection
could happen in many real-world scenarios such as on railway or
using a lossy wi-fi link. In these cases, groups of packet might get

Proportion of token wait time when inter-token gap exceeds 200ms
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Figure 4: Packet arrival and token rendering of one measured ses-
sion. Retransmission packets blocking rendering are in circled in red.
Blocked packets circled in blue.

lost during a short period of time due to a physical surface block or
signal interference from other devices.

To learn about how current LLM Chatbot applications perform
under these unstable network conditions, we conducted a measure-
ment study on one of the most popular tools to build LLM Chatbot,
ChatGPT APL
Measurement Testbed: We emulate an unstable network by
connecting a Macbook 2023 M2 laptop to the hotspot of iPhone 11
using Mint LTE service in North America as shown in Fig. 3. We
put the phone inside an office and walked around outside the office
(within 30m). Meanwhile, on the laptop, we run an automated bash
script that repetitively starts 30 GPT API sessions using the same
prompt with the “streaming” option enabled. The prompt was set to
“Count to 80, with a comma between each number and no newlines.
E.g.,1,2,3,---” for controlled outputs. We record packet arrivals
with tcpdump [10] with the interface flag set to “any”. To record
token arrival times, we slightly modified the sample Python script
provided in OpenAl documentation [3].

Findings: The packet trace shows that the data is transmitted
through encrypted TLS protocol (over TCP). Performance-wise,
under this unstable network condition, compared with the reference
of connecting laptop directly to high-speed wifi in the office, the
95% token rendering stall? increased from 377ms to 3483ms and
from 1501.4ms to 2924.4ms, respectively for model "GPT-3.5-turbo"
and "GPT-4", under an average network loss rate of 10.5% and 15.8%.

We provide a detailed analysis of a single trace to show why
there is potential for improvement in Fig. 4. As the packet arrival
graphs show on the left, some packets (red-circled) were lost and
retransmitted. However, many packets containing later tokens ar-
rived before the retransmission packets, which arrived much later

“We defined stall as inter-token gaps larger than 200ms. This follows from works in
video streaming [15, 28].
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at around the 9th second due to the unstable connection. The im-
pact of this “retransmission blocking future token rendering” is
severe, as shown on the right-hand side. No tokens were rendered
from the moment these packets were lost until the retransmission
came through in the 9th second. While many packets arrived after
the loss, all of the tokens contained inside were blocked by the
lost packets. Thus, a stall lasted almost 5 seconds purely due to the
transmission glitch, even though new tokens kept arriving during
that period.

2.3 Previous Work

Although the problem of token streaming is new, there have been
prior works that aim to protect transmission against packet loss for
other media forms.

The most popular method for loss-resilience is Forward Error
Correction (FEC) [26, 33, 37]. There are different types of coding
methods [26, 27, 37], and the fundamental idea is to encode an
a-byte segment to (a+b) bytes such that when any a of the (a+b)
bytes arrive, the receiver can reconstruct the original data. More-
over, FEC protects a file (video/audio frame) that spans multiple
packets to recover partially delivered data. In token streaming, the
minimal transmission unit is one single token, which is far less
than the maximal size of one packet.3 There have been works that
target intermittent connectivity for text-based applications includ-
ing Mosh for interactive remote shell [38]. Mosh predicts output
of keystrokes at client-side before the server sends responses back.
However, these user keystrokes are sent to the server by clients
in the first place, and their output is easy to predict (the output
of typing h,e,LLo is simply showing “hello” on the terminal). In
token streaming, the texts are generated by the server-side LLM
and sent back to the client and could hardly be predicted by the
client.Cooperative document editor (ex. Google doc) is a similar
application. But while LLM generation speed is 10 tokens/s [12],
human typing speed is 30-45 words/min [11]. This makes online
editing already have long gaps ( ~1s) between tokens. Virtual Assis-
tants like Siri utilizes multi-path TCP [1] and only reveal content
after the whole response has been received, which poses stronger
assumption on client device and potentially leads to high time to
first token (TTFT) if adapted to LLM Chatbots.

From the LLM systems , although there have been extensive
work on scheduling [39, 41], memory management [16, 22, 36],
speculative decoding [24], and QoE-aware inference [25], all of
them solely optimize for the generation inside the cloud datacenter
before the tokens are generated but does not include the delivery
of the tokens. As long as the user is following the newest generated
content of the chatbot and packets get lost in the middle, a long
stall might still happen and damage user experience.

2.4 Unique Properties and Challenge

This token streaming problem bears some resemblance to the tradi-

tional streaming problems, but they have several distinct character-

istics.

e Unlike video/audio streaming, increasing the bitrate for trans-
mission does not increase rendering quality.

3Single token packet for Bard is 50-80 bytes; ChatGPT packet is 842 bytes for three
tokens.



e Sequence needs to be strictly maintained so that one lost token
could block future rendering. In contrast, video/audio may skip
frame [17] under loss.

e The minimal bandwidth requirement for the network is much
lower since text data are much smaller than audio (150Kbps) and
video (>1Mbps).

Given these properties, we believe that in order to render tokens
smoothly even under unstable networks, a robust token stream-
ing method should prevent the problem of lost packet blocking
subsequent arrived tokens rendering. For this to happen, a mod-
erate increase in total sent data is acceptable. The main challenge
we face is intermittent connectivity, while the average bandwidth
could stay over 100Kbps even when the network is unstable [23].
Moreover, we could add redundancy without suffering from quality
drops.

3 ELOQUENT DESIGN

We propose Eloquent, a novel transmission scheme that puts “un-
acked tokens” in the outgoing packets that contain the newly gen-
erated tokens, in order to reduce client token streaming stalls under
an unstable network.

The key idea of Eloquent is to prepare packets so that the client
can render each received packet independently. That is, each packet
contains not only newly generated tokens but also enough informa-
tion to render these new tokens. Thus, for each arrived new token,
the client is able to render the current sentence all the way until this
new token and would not potentially be blocked by any previously
lost token. With this mechanism, retransmission-incurred stalls
can be greatly reduced, especially under unstable network where
round-trip-time (RTT) can be long.

3.1 Ilustrative Example

We showcase one example case of Eloquent comparing with TCP
and naive redundancy in Fig. 2. In this scenario, we are streaming
a response of “You can go to watch..” and the client has received
tokens to render “You can”. The LLM model now outputs “go”, “to”,
and “watch” sequentially with time gap in between. We assume the
unstable network will drop the first two packets sent and success-
fully deliver the following packets.

In the current TCP retransmission logic, after the two packets
containing tokens #1 and #2 are lost, token #3 successfully arrives
at the receiver. The receiver sends an ACK back to the sender, and
the sender retransmits the first two tokens to the receiver again to
finally render the whole sentence.

In the second case, we added one duplication packet for each
outgoing token. However, if the first two packets are lost, the first
token is still lost during transmission. Although tokens #2 and #3
successfully arrive at the receiver, their rendering is blocked by
token #1. The client still has to wait for the retransmission of token
#1 to render the sentence.

In the last column, we demonstrate how our method could re-
duce the stall. After the first token is sent, the following packets
will incorporate token #1 into the payload. Similarly token #2 is con-
tained in later packets. Thus, when the packet containing the new
token #3 arrives at the receiver, the receiver is able to render the
whole sentence since the previous tokens needed to render #3 are
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all contained in the packet. This greatly reduces the stall perceived
on the client side. Moreover, the total size of sent data is similar
to the original TCP and less than duplication since retransmission
adds extra workload to the system.

Algorithm 1: Eloquent Sender Logic

unacked < empty
while EOS Token not Acked do
Sleep until newly generated token or
(unacked_buf fer # empty and slept for 200ms)
unacked <« unacked \ new_acked_tokens
if size of unacked < max size of packet then
packet < token concatenated with unacked
else
remainingSize < max size of packet — size of token
partial_unacked «— empty
for i « 0 to len(unacked) do
if sizeof(partial_unacked)+sizeof(unacked|[i])<
remaining_size then
partial_unacked.append(unacked[i])
else
Break
end if
end for
packet < packet concatenated with partial_unacked
end if
Send packet
Append token into unacked
end while

3.2 Specific Workflow

We provide the pseudo-code for Eloquent scheme in algorithm 1 and
algorithm 2. The core logic of the sender is to maintain a unacked
token buffer that contains the all tokens that were sent but have
not received ACK. Every time a new token is generated, we visit
this buffer to put as many unacked tokens as maximal size allows
into the packet with the new token to prepare for the rendering
of new token. The receiver follows a simpler logic. After receiving
a packet, it extracts the tokens inside, renders the tokens if all
previous tokens have arrived, and sends back ACKs to the sender.
This scheme could be implemented inside RTP [35] or QUIC [19],
since we allow sent data to never arrive at client side.

3.3 Limitation

Admittedly, our method has limitations. The most notable limitation
is that sometimes not all unacked tokens could fit into one packet.
Mathematically, this happens when:

GXx(T—-1) <2XRIT+1L,

where G is the time gap between two generated tokens, T is the
maximum number of tokens in one packet, RTT is the round trip
time, and L is the packet loss time.

As measured in [12], most of the time current GPT4 throughput
is around 10 tokens/s. Since human normal reading speed is 4-6
words per second (fast reading speed is 8-15 words per second) [32],



Algorithm 2: Eloquent Receiver Logic

acked_list « empty list
while EOS was not received do
Sleep until receives Packet
token_list « tokens in packet
for token in token_list do
if token not acked before then
acked_list « acked_list append token
end if
end for
Render new tokens according to acked_list
Send ACK for packet
end while

LLM service providers have less incentive to purchase more GPUs
to drastically increase throughput beyond this level when more
users contend for the computing resources in the future. On the
other hand, it is possible to reuse the meta-data inside each packet
to save spaces for the token data. In worst case, if the unacked
tokens cannot all fit in the new packet, we only add the earlier
unacked tokens into the packet in order to make sure that some
tokens can still be independently rendered after arrival.

4 EVALUATION
4.1 Setup

We measured our performance in an end-to-end Python simulation
platform, which takes in generation timestamps of tokens, network
channel parameters, as well as a sender/receiver pair, and outputs
rendering time for each token. We report two metrics in our report:
redundancy rate and stall ratio. Redundancy rate is the extra amount

of data sent (including retransmission) besides the original tokens.

We borrowed the idea of stall ratio from video streaming [15, 28]
and defined it to be the amount of time that client side is waiting
for tokens to render when stall is longer than 200ms. As discussed
in §2.4, an ideal method should prioritize reducing stall ratio and
try to have lower redundancy rate afterwards.

We implemented a pair of Eloquent sender/receiver in ~ 70 lines
of code and set the maximal number of tokens in one packet to be
10. We also implemented a group of packet duplication senders,
which send multiple copies of every packet to prevent loss (similar
to FEC in video streaming).

In our experiments, We set input generation sequence to generate
new token every 100ms as the current GPT-4 generation throughput
is around 10 tokens/s [12]. For each setting, we run 30 30-second
sessions.

4.2 Experiment Results

In this part, we utilize a two-state Markov model [21, 34] to simulate
unstable network conditions like wireless connections. We set two
state: lossy state, when packets are lost with 90% possibility; and

good states, when no packets are lost. Each state lasts for 100ms.

There are two parameters p and q: p is the probability to transform
from good state to lossy state and q is the probability to change in
the opposite direction. On average, the channel enters lossy state
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for 1% ms after staying in good state for 1%ms. Our default case,

where p = 0.9 and g = 0.5, has 200ms bad connections every 1000ms
good connection on average. This gives a packet loss rate of 15%,
similar to what we observed in the measurement in §2.2.

We start with the default setting and set round trip time (RTT) to
400ms and 100ms in Fig. 5. As shown on the left, Eloquent is able to
reduce stall ratio by 71.0% compared with the original TCP baseline.
This is because Eloquent reduces the need for retransmission under
packet loss. Comparing with packet duplication methods, Eloquent
is able to reduce stall by 31.6% percent with similar redundancy
rate. The right graph with 100ms RTT shows a similar result, when
Eloquent reduces stall ratio by 60.0% compared with TCP and 31.3%
compared with duplication with less size.

To learn about how Eloquent performs under different loss pat-
terns, we fixed RTT to be 400ms and modified the loss parameters
in Fig. 6. The left graph shows results with p = 0.5 and g = 0.5.
This network is more likely to enter lossy state than default. Since
loss is more frequent, the stall ratios of all methods increased. But
Eloquent’s improvements is more significant since packet loss are
more frequent. On the right side we set p to 0.9 and g to 0.8. In this
case, every lossy period lasts longer. As shown in the right hand
side, although we still outperforms the baselines, our improvement
decreased due the limitation mentioned in §3.3. Since both loss time
(L) and RTT are big, many packets could not contain all unacked
tokens, and this damages Eloquent’s performance. This potentially
could be improved by reusing packet meta-data (font type, size...)
to put more tokens in each packet.

4.3 Real Trace Experiement

We utilized packet arrival traces collected from the emulation plat-
form in §2.2 to conduct end-to-end simulation under real-world
loss patterns. We calculated whether the ith token packet was lost
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by TCP sequence number and used this data to determine packet
loss in the simulation sender channel.

As shown in Fig 7, under 400ms RTT, Eloquent is able to reduce
stall ratio by 27.4% compared with TCP and 18.0% compared with
packet duplication with less size. Moreover, it reduces the propor-
tion of late tokens (delay since generation over 400ms) by 40.4%
over TCP, providing more real-time responses with no modification
to computation.

5 FUTURE DIRECTIONS
5.1 Practical implementation

This paper only intends to demonstrate the promising improvement
of a new transmission scheme over unstable network. More work
is still needed before implementing Eloquent in practice.

To start with, since Eloquent does not require all sent bytes to
receive at the receiver, Eloquent should be implemented within one
of the transport protocols based on UDP. For reference, Eloquent
could be implemented in QUIC for the stream of generated text as
its loss recovery method, or on top of RTP similar to audio/video
streaming. Different from the default TCP method that maintains
the unacked buffer inside the operating system, Eloquent maintains
the unacked buffer inside application space.

5.2 Quality of Experience for Token Streaming

There could be further effort on establishing the quality of experi-
ence (QoE) model for token streaming. Prior results in video QoE
could provide insight on new system optimizaiton. For example,
in video streaming it is established that lower quality frames are
better than having stalls [14, 15]. But in LLM Chatbot services
people might be willing to suffer from rendering stall in order to
receive more sophisticated answers. Moreover, users might have
preference for a single long stall over frequent stalls. If this holds,
then maintaining a token buffer at client side could help bring
better experience. Building a better QoE model for LLM inference
potentially improve our tradeoff curve for inference systems.

5.3 QoE-aware LLM Inference

Prior works including Andes [25] and Google’s Bard [9] maintains
a buffer at client side to gradually release text at human reading
speed. This damages the real-timeness of response but increases
smoothness while alleviating the pressure on system scheduling.
Eloquent could be combined with these systems to selectively enter
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redundancy mode when the buffer is close to empty since a potential
packet loss would cause more damage during that time.

Moreover, we could also combine different inference systems.
For example, VLLM optimizes throughput by increasing the batch
size but may incur generation stall [22]. While Sarathi-Serve has
smoother generation with potentially lower throughput [13]. With
a user-side token buffer, we could optimize throughput while the
buffer has many tokens and switch to methods like Sarathi-Serve
to prevent generation stall when buffer is shallow.

5.4 Exposing user state in LLM serving

Eloquent targets the problem of token streaming after the tokens are
generated by the data center. There could also be works that sends
signals to data center to improve token generation. For example,
when users switches tab, a signal could be transmitted back to the
data center to deprioritize smoothness since users are not actively
reading the content. On the otherhand, if the network is detected
to be lossy, the client could try to switch to buffering mode and
notify the user that the content will be available later.

6 CONCLUSION

In conclusion, we identify the transmission problem in the token
streaming pipeline for LLM Chatbots and reveal the degraded per-
formance of current application under unstable network with a
measurement study. To improve the novel token streaming prob-
lem, we propose Eloquent, a novel transmission scheme that proac-
tively puts unacked tokens into packets of newly generated tokens.
Through simulation, Eloquent reduces stall ratio by 71.0% over TCP
and 31.6% over baselines. In the end, we point out future research
directions optimizing LLM inference with components outside data
centers in consideration to spark more discussion.
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