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Abstract

Modern deep neural network (DNN) and large language
model (LLM) applications integrate multiple models into in-
ference pipelines with stringent latency requirements for
customized tasks. To mitigate extensive request timeouts
caused by accumulation, systems for inference pipelines com-
monly drop a subset of requests so the remaining ones can
satisfy latency constraints. Since it is commonly believed
that request dropping adversely affects goodput, existing
systems only drop requests when they have to, which we
call reactive dropping. However, this reactive policy can not
maintain high goodput, as it neither makes timely dropping
decisions nor identifies the proper set of requests to drop,
leading to issues of dropping requests too late or dropping
the wrong set of requests.

We propose that the inference system should proactively
drop certain requests in advance to enhance the goodput
across the entire workload. To achieve this, we design an
inference system PARD. It enhances goodput with timely
and precise dropping decisions by integrating a proactive
dropping method that decides when to drop requests using
runtime information of the inference pipeline, and an adap-
tive request priority mechanism that selects which specific
requests to drop based on remaining latency budgets and
workload intensity. Evaluation on a cluster of 64 GPUs over
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1 Introduction

Increasing task complexity and proliferation of open-source
models have made DNN inference pipelines crucial and cost-
efficient for emerging real-time applications [1-7]. These
pipelines consist of multiple models, where requests pass
through each model to complete customized tasks under a
strict latency objective. For example, the avatar generation
pipeline [1, 2] in Figure 1 transforms live video of a person
into a virtual character for real-time interaction. Existing in-
ference systems define goodput [8—10], which is the number
of requests that can meet latency objective per unit of time, to
measure how well the system provides services for latency-
sensitive inference pipelines. To guarantee high goodput,
existing systems primarily focus on techniques such as re-
source scaling [8, 11-13], dynamic batching [1, 2, 14, 15] and
GPU scheduling [16-19].
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(a) Lazy Drop drops requests only after they have already timeout. Neither request R,
and R, satisfies the latency objective, resulting in six wasted inferences.
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(b) Early Drop drops requests that would timeout after model execution. Neither
request satisfies the latency objective, resulting in four wasted inferences.
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(¢) PARD proactively drops requests in advance to enhance the overall goodput.
Request R, meets the latency objective with only one wasted inference.
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! estimated latency > request dropping

Figure 1. Request latency composition under various drop-
ping policies in a three-model inference pipeline.

Despite these efforts, certain requests inevitably experi-
ence large latencies due to unpredictable events such as
workload bursts [8, 10] or machine failure [20]. In real-time
inference serving (e.g., video analytics), requests that fail to
meet their latency service-level objectives (SLOs) are use-
less [1, 5, 21]. Without careful handling, these requests pro-
long the latency of subsequent requests due to the queueing
effect, eventually leading to latency violations and poor good-
put. Therefore, existing systems employ request dropping
policies to drop a portion of requests [1, 2, 4, 22—24], ensur-
ing the remaining ones meet the latency objective and avoid
goodput degradation.

However, existing dropping policies can not maintain
high goodput since they share a reactive design. Since it
is commonly believed that dropping requests adversely af-
fects goodput, existing systems drop requests only when they
have to be dropped, i.e., when it has already timed out before
model execution [22] (Figure 1a) or will be timed out after its
execution [1] (Figure 1b). These reactive designs fail to make
proper dropping decisions for two primary reasons. (1) Drop
requests too late. When making decisions at a given module!
in the pipeline, the reactive policy only considers the la-
tency up to the current module. It ignores the latency budget
for subsequent modules, leading to inopportune dropping
decisions and wasted computation resources. (2) Drop the
wrong set of requests. The reactive policy makes dropping
decisions in request’s arrival order. It ignores the impact of
the difference in requests’ remaining latency budget and the
workload variation, which cannot determine the proper set
of requests to drop for goodput enhancement.

In this paper, we argue that inference system should
proactively drop certain requests in advance to en-
hance the goodput for the entire workload. However,

IEach module serves a specific model of the inference pipeline using the
assigned computation resources.
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three characteristics of the inference pipeline make this chal-

lenging. (1) Model Cascading. Requests traverse multiple

cascaded models with only end-to-end latency objectives
specified. While the latency budget of each model must be
considered when making dropping decisions. (2) Latency

Uncertainty. Batch wait time from the batching process [1]

and queueing cause high uncertainty in request latency. This

uncertainty is further amplified by model cascading of the
pipeline. (3) Workload Variation. Inference workloads exhibit
dynamic and bursty characteristics, demanding that drop-
ping policy effectively adapts to varying workload intensity.

Building on our argument, we design and implement an

inference system called PARD, which adapts the characteris-

tics and makes proactive dropping decisions to enhance the
goodput of the inference pipeline as follows.

First, PARD designs a novel proactive request dropping
method to address when to drop requests for each module in
the pipeline. Existing reactive policies rely solely on latency
information from preceding modules and overlook the la-
tency budget requirements of subsequent modules, causing
most drops to concentrate in the last few modules of the
pipeline. In contrast, PARD proactively estimates request
latency across the entire pipeline with bi-directional runtime
information from the preceding and subsequent modules,
enabling timely dropping decisions in the early stages of the
pipeline, reducing wasted computation (Figure 1c).

Second, PARD introduces an adaptive request priority
method to decide which specific requests to drop in each mod-
ule. Existing reactive policies drop requests strictly by arrival
order, ignoring the difference in their remaining latency bud-
get. In contrast, PARD designs a hybrid priority mechanism
that determines the decision-making order across requests
based on each request’s remaining latency budget and work-
load intensity. This mechanism ensures a smooth transition
between dropping priorities, so as to determine a proper set
of requests to drop under dynamic workloads, which avoids
unnecessary request dropping.

When enhancing the goodput for the inference pipeline,
PARD makes the following contributions:

e PARD highlights the critical role of request dropping in
enhancing goodput and reveals why existing reactive de-
sign fails to maintain high goodput for inference pipeline
through a systematic analysis.

e PARD designs a proactive dropping policy and adaptive
request priority, which is orthogonal to existing schedul-
ing methods like resource scaling and dynamic batching.
It could further enhance the goodput of existing systems.

e Evaluation shows that PARD improves goodput by 16%—
176% over state-of-the-art systems, while reducing the
drop rate and wasted computation by 1.6X-17x and 1.5X—
62X respectively. The ablation study (§5.3) and Retrieval-
Augmented Generation (RAG) case study (§7) quantify the
impact of PARD’s design choices and its generalization
to emerging LLM-powered generative workloads.
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2 Background

Real-time Inference Pipeline. A typical DNN inference
pipeline aims to deliver real-time response to the clients,
where any request missing its latency SLO is invalid. Ex-
isting systems adopt techniques such as dynamic batching,
resource scaling and GPU scheduling [13, 15, 16, 25-27], to
satisfy the latency objectives. However, even with such opti-
mizations, it is impossible to guarantee that all requests can
satisfy the latency SLO. Unforeseen events such as workload
bursts or machine failures [8, 10, 20] pose challenges. For
instance, during workload bursts, resources cannot scale up
instantly due to model cold starts [8, 28, 29], causing request
accumulation and latency violations.

Request Dropping Policies. To avoid the negative impact
of timeout requests on goodput, recent systems adopt re-
quest dropping [1, 4, 9, 22, 28, 30, 31]. The idea is to drop
requests that would miss the latency objective, especially
when incoming workload exceeds system capacity. Request
dropping aims to reduce the queueing delay for the remain-
ing requests, so the remaining ones are more likely to achieve
lower latency and meet the latency objective. This, in turn,
enhances the overall goodput for the entire workload.

Dropping policies in existing systems fall into two types.
When making dropping decisions at a given module in the
pipeline, the first type drops requests that already exceed
the latency objective [4, 22], while the second type con-
siders both the accumulated latency in preceding modules
and the inference duration of current module, and then
drops requests that cannot complete within the latency ob-
jective [1, 28, 30]. Depending on specific policy, the system
drops requests that have exceeded the latency objective or
have a remaining latency budget less than inference duration
before inference [1, 2, 4, 5, 22, 28]. Since these policies only
drop requests when they have to be dropped, we define them
as reactive policies. We argue that such reactive policies can-
not make proper dropping decisions, leading to sub-optimal
goodput, as we discuss next.

3 Motivation

This section reveals the limitations of existing dropping poli-
cies (§3.1) and provides in-depth analysis from two dimen-
sions: timing of decision and criteria for selection (§3.2).
Finally, we identify two key questions and corresponding
challenges to design an optimal dropping policy (§3.3).

3.1 Limitation of Reactive Dropping Policy

To highlight the limitations of current inference systems
for multi-DNN inference pipelines, we evaluate Nexus [1]
and Clipper++, a modified version of Clipper [22] for infer-
ence pipeline workload, using the lv-tweet workload as

Figure 2c and Figure 2d present the results of Clipper++; Nexus exhibits
similar trends (§5.2).
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described in §5.1. We compare them with a naive baseline
that serves the inference pipeline without dropping any re-
quests. The primary evaluation metric is goodput and drop
rate (i.e., the percentage of dropped requests to all requests).

We calculate the minimum goodput and corresponding
drop rate over the entire runtime across various time window
sizes in Figure 2a and Figure 2b for comparison. From the
results, it is notable that the goodput of Nexus and Clipper++
may decrease to as low as 30% and 21% of the input request
rate, with drop rates of 70% and 79%, which performs worse
than the naive baseline at several window sizes.

3.2 Understand Why Reactive Policy Fails

Observation #1: Reactive policy drops requests too late
in the inference pipeline. At first glance, request dropping
seems to adversely affect goodput. So existing systems drop
requests only when they have already violated or are about
to violate the latency objective. This reactive approach can
not make timely dropping decisions in the inference pipeline,
as it only considers the accumulated latency for preceding
and current modules, which drops requests too late.

Figure 2c shows the percentage of dropped requests at
each module for various workloads as described in §5.1 under
reactive dropping policy, where 57.1% to 97.2% of dropped
requests are dropped in the latter half of the pipeline. To
understand why, we take the traffic monitoring application
tm with 3 modules cascaded (the third and fourth column of
Figure 2c) as an example, where 57.1% and 94.4% of dropped
requests are dropped in the last module under two traces. As
shown in Figure 1a and Figure 1b, if a request R; experiences
long wait time (including queueing delay and batch wait
time) in the early modules, it will over-consume the end-to-
end latency budget. Existing reactive policy will not drop Ry
until after the last module’s inference, when the remaining
budget is already insufficient. Once dropped, the computa-
tion resources consumed by R; are wasted, causing the drop-
too-late issue and raising the invalid rate’. These wasted
computations bring backpressure for preceding modules,
increasing queuing delay and ultimately lowering goodput.

Observation #2: Reactive policy drops the wrong set of
requests. Existing systems maintain a FIFO request queue
for each worker, making dropping decisions based on arrival
order. This arrival-order-based method can not identify the
proper set of requests to drop and over-consume latency
budget at the early stages of the pipeline, leaving insufficient
budget for later stages and ultimately reducing goodput.
Figure 2d shows the drop rate of the reactive dropping
under the 1v-tweet workload with five cascaded modules:
the transient drop rate exceeds 95% around t=850s even
though the input request rate only doubles at that moment
(Figure 10e). Figure 3a explains why: within a window of

3Invalid rate measures the ratio of GPU time consumed by dropped requests
(i.e., wasted computation resources), and it will be formally defined in §5.1.
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Figure 2. (a) and (b) The minimum goodput and corresponding drop rate across various time window sizes of existing inference
systems, naive baseline, and PARD under 1v-tweet workload. (c) The percentage of dropped requests at each module under
different workloads from §5.1 with the reactive dropping policy. (d) Transient drop rate of the reactive dropping policy?.
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Figure 3. (a) The reactive dropping policy makes decisions
based on request arrival order, leading to the drop-wrong-set
issue. (b) Batched requests have different batch wait times
W, ranging from 0 to the batch execution duration d.
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duration d (the inference time of one batch) with batch size
4, there are 8 arrivals but the system can serve 4 within the
latency constraint, so exactly half must be dropped to pre-
vent accumulation. The reactive policy serves requests in
arrival order, keeping the earliest arrived R;_,4 and drop-
ping Rs_,s. In the depicted window, requests Ry_,4 fall in
[0,0.5d] with a mean arrival time of 0.25d, so their expected
batch wait time to the next batch start is d — 0.25d = 0.75d,
whereas the expected batch wait time of Rs_,5 is only d —
0.75d = 0.25d. Therefore, the reactive policy’s FIFO request
queue wrongly keeps R;_,4 with a higher batch wait time,
which over-consumes the request’s latency budget. This
drop-wrong-set issue eventually causes requests to violate
latency objectives and increases the drop rate.

3.3 Implications

The experimental results highlight that applying a reactive
dropping policy cannot yield high goodput. To overcome the
limitations of existing inference systems and ensure high
goodput for inference pipelines, PARD should adopt a proac-
tive dropping policy, addressing two key questions: (1) When
to drop requests. PARD should proactively identify which
requests can not be completed within the latency objective,
enabling timely dropping decisions. (2) Which specific re-
quests to drop. PARD should proactively select the set of
requests to be dropped that enhance goodput.

However, designing such a system presents several chal-
lenges: (1) Estimating the end-to-end latency of each request:
Addressing the first question requires accurately estimating

controller
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- ==
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SO | 82
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scaling State
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¢ J ¢ J

Y Y
Module 1 Module N
Figure 4. PARD overview

the latency of each request at each module. This is chal-
lenging due to the latency uncertainty caused by batching
(Figure 3b) and queueing. (2) Identifying main reasons for
request dropping: Addressing the second question requires
the system to identify the main reasons for dropping. Given
the variability and burstiness of inference workloads, these
reasons may differ significantly. Next, we will introduce how
PARD addresses these two critical challenges through proac-
tive request dropping and adaptive request priority.

4 System Design

We start with an overview of PARD (§4.1), followed by its two
key designs, proactive request dropping (§4.2) and adaptive
request priority (§4.3).

4.1 System Overview

We design PARD, a pipeline inference system that ensures
high goodput by proactively identifying requests with insuffi-
cient latency budgets and dynamically selecting proper set of
requests to drop under varying workloads. Figure 4 illustrates
system architecture with two key components: (1) distributed
controllers for request dispatching, state synchronization,
and latency estimation at each module, and (2) parallel work-
ers that execute dropping decisions for individual requests.

PARD allocates each module in the inference pipeline one
controller and multiple workers. Each controller’s State Plan-
ner monitors the runtime state of each worker, including
queueing delay, batch size, and throughput @, and synchro-
nizes these states across modules @. Given these states, the
State Planner calculates the module’s required latency budget
and sends it to its assigned workers @. At runtime, requests
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will be dispatched among workers by dispatcher @. Then,
requests will enter a request queue called DEPQ to determine
its dropping priority based on latency and workload informa-
tion ®. Request Broker in each worker fetches requests from
DEPQ and decides whether to drop or infer each request ®.
Finally, for those inferred requests, workers redirect them to
subsequent modules in the inference pipeline @.

4.2 Proactive Request Dropping

Insight and Approach. To timely drop requests for good-
put enhancement, PARD proactively drops requests by esti-
mating their latency with bi-directional runtime information.
Specifically, when making dropping decisions at workers of
each module, PARD estimates the end-to-end request latency
based on the request cumulative latency information from
the preceding modules, as well as the batch wait time distri-
bution and queueing latency from the subsequent modules.

Latency Decoupling. As shown in Figure 5, for a request at
module My, k € [1, N] of an N-module inference pipeline,
its end-to-end latency L can be decoupled into three parts:
cumulative latency from preceding modules Ly, current
module’s latency budget L, and latency budget for subse-
quent modules Lg,;. At this stage, only L,,. is determined.
If latency in module k is Lat(x), then L can be expressed as:

L = Lyre + Lewr + Lsup (1a)
T Laty + Laty + 2y, Lty (1b)

This decoupling clarifies why reactive policy fails and how
PARD should make dropping decisions. Reactive approaches
considers only L., and L, in Equation 1a, ignoring the
latency budget for subsequent modules (L,3). This omission
prevents timely detection of latency violations, causing in-
correct decisions. A proper policy should proactively drop
requests based on end-to-end latency for timely decisions.

However, making correct dropping decisions is challeng-
ing due to the uncertainty of request latency Lat(x) in sub-
sequent modules. As shown in Figure 3b, when a request
arrives at module M, it enters the request queue and waits.
The scheduler collects the next batch right after the previous
one begins execution to avoid GPU idling. Thus, Lat ) con-
sists of three components: (1) queueing delay Q, the time
before a request is added to a batch; (2) batch wait time W,
the time between being added to a batch and the start of
inference; and (3) execution duration Dy. Formally:

= Qk + Wi + Dy, k € [1,N] (2)

Lat

As shown in Figure 3b, batch wait time is uncertain and
varies between 0 and the execution duration di, depending
on when the request is added to the batch. This makes the
aggregated batch wait time Zl +1 Wi, a component of L,
in Equatlon 1a, highly unpredictable and ranges from 0 to
Zl 1 i~ Similarly, aggregated queueing delay Zl er1 Qi
fluctuates with workload dynamics. Overestimating these
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values leads to excessive dropping, while underestimating
them increases invalid requests, both ultimately reducing
goodput (§5.3).

In summary, to make timely dropping decisions, it’s criti-
cal to properly estimate the latency for subsequent modules
and the one for the preceding and current modules. Next,
we introduce how PARD estimates the end-to-end latency
L via its novel State Planner and Request Broker to decide
when to drop with bi-directional runtime information.

State Planner. In PARD, each module’s State Planner esti-
mates the unpredictable request latency of subsequent mod-
ules Lg,p. As discussed, Zﬁkﬂ Qi, Zl{ikﬂ W;, and Zl er1 D
have distinct physical implications and characteristics, and
any of them can dominate L under certain conditions (e.g.,
a surge in Zl ~+1 Qi due to bursts). Thus, PARD estimates

these three components independently:

. Zfi +1 Qi+ Each State Planner monitors the recent average
queueing delay g; using a sliding window* and synchro-
nizes with other modules. The cumulative queueing delay
is then calculatedas YN, ., 0; = 3N, g;.

i k +1 Di: The State Planner periodically synchronizes
batch sizes across modules and computes cumulative
execution duration using offline model profiling’,

i k+1 D; = Zl 41 di, where d; is the profiled duratlon

P k +1 Wi: As shown in Figure 3b, the batch wait time
W; at module M; varies between 0 and d;, depending on
when a request enters the batch. This uncertainty accu-
mulates across cascaded modules, making ZI r1 Wi un-
predictable, ranging from 0 to Zl i1 di at module M. For
timely and accurate dropping decisions, this aggregated
wait time must be carefully estimated. We next explain
how PARD derives it.

Batch wait estimation. The exact value of Zl a1 Wi for
each request is highly variable and unpredictable, leading to
under- or over-estimation issues. Nevertheless, its runtime
distribution can be observed, allowing PARD to derive a
balanced estimate, denoted as wy, when making dropping
decisions at module M.

First, both under- and over-estimation reduce goodput,
but for opposite reasons. Under-estimating Zl ke Wi (eg.s
wg = 0) causes fewer requests to be dropped at the current
module®. These mis-kept requests are likely to be dropped
later in subsequent modules when the actual batch wait
time exceeds the estimate, increasing the invalid rate and
backpressure, which ultimately raises the overall drop rate.
Conversely, over-estimating Zl ke Wi (6.8, Wi = Zl{ikﬁ d;)

4Default to a 5s linear weighted window, with sensitivity analysis in §5.4.
SDNN inference follows a standard batching process, thus offline profiling
yields accurate and stable per-stage latency estimates [1, 32], ensuring
PARD’s robustness across different models and hardware.

®Requests may still be dropped due to other factors, such as long queueing
delay in preceding modules.
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Figure 6. Probability density of requests’ total batch wait
time at each module in a 4-modules inference pipeline.

leads to premature drops at the current module, since the
assumed wait time constraint for downstream modules is
overly strict. These mis-dropped requests directly increase
the drop rate. To avoid both extremes, PARD seeks a sweet
spot wy within [0, Zl ~ 141 di] that balances invalid and drop
rates, thereby improving goodput.

Second, the optimal wy depends on the module’s position
in the pipeline. Figure 6 shows the probability density of
aggregated batch wait time in a four-module pipeline with
fixed batch sizes, based on 10k sampled requests from the
wiki trace (§5.1). As more modules are cascaded, the ag-
gregated batch wait time of weakly correlated W; becomes
concentrated around 1 Zl +1 di> following the central limit
theorem. For example the total wait time from M; to M, is
centered near ; Zl 1 di, whereas M,’s own wait time is uni-
formly dlstrlbuted over [0, ds]. Hence, for modules earlier in
the pipeline, wy should be set closer to % Zfi +1 di to provide
effective constraints across the pipeline.

Based on the above observations, the State Planner applies
a three-round heuristic to determine wy for each module.
First, it performs random sampling’ on recent arrivals to
derive the probability density function (PDF) Fy.;—n for
aggregated batch wait time from M, to My. Second, it
selects a quantile A € [0, 1] such that Fi4;n = A, meaning
that A proportion of requests have aggregated wait times no
greater than wy. Third, it estimates wy = F, +1 ~ (1), which
is then used by each module’s Request Broker for dropping

decisions via Zl ka1 Wi = Wi

"The runtime complexity is O(M(N — k + 1)), where M is the length of
the collected arrival process, default M=10,000.

a+rriv*e R4 deadline  R; deadline
queue Rs Ry H i
BN R R; R;?
infer Ri Rz R3 ? | next batch [ ERNISTI.

Figure 7. Example of dropping under steady workload.

Intuitively, A serves as a control knob on how aggres-
sively PARD est1mates >N i—k+1 Wi for subsequent modules.
When A = 0, wg = F~1(0) = 0 (lower bound); when A = 1,

v = F1(1) = Zfikﬂ d; (upper bound). To balance the
invalid computation and drop rate, we set A = 0.1 as an em-
pirical default. This serves as a relatively loose estimation
since mis-kept requests can be remedied by subsequent mod-
ules, whereas mis-dropped requests are irreversible®. §5.2
shows that this choice improves goodput across different
traces and applications, and Figure 14c shows that the default
0.1 is close to the optimal A with at most a 0.3% drop rate
gap. With this quantile, PARD estimates wy with two desir-
able properties: (1) wy approaches % Zl 1 i as the number
of subsequent modules increases; and (2) wy varies in real
time as batch sizes changes. For example, in a four-module
pipeline (Figure 6) with equal duration d, A = 0.1 yields:

=0.31Y1d; = 1.24d  w, = 0.28)3d; = 0.84d
w3 = 0.22Y3d; = 0.44d  wy = 0.103;d; = 0.10d

Although some requests may still be mis-kept or mis-
dropped, this heuristic balances drop and invalid rates to
improve goodput (§5.3).

Request Broker. PARD ’s Request Broker estimates the
end-to-end latency L using Equation 1 and Equation 2:

Backward. As shown in Figure 5, when a request reaches
module M at timestamp ¢, its cumulative latency L. from
preceding modules is already determined. Specifically, it
equals the elapsed time from when the request was sent (Z;)
to when it arrives at My (t,): Lyre = tr — £.

Current. Request Broker leverages Equation 2 to calculate
the latency L, of module M}, in three steps.

o (Q: When the request is dequeued at timestamp t;, queue-
ing delay is Qx = tp — t5.

8Therefore, although A = 0.5 yields lower latency estimation error, it does
not lead to higher goodput (§5.4).
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o Wj: Workers collect the next batch only after the previous
batch begins execution to avoid GPU idling. Thus, Request
Broker can derive the expected start time ¢, of the current
batch, equal to the expected end of the previous batch.
The batch wait time is then Wy = t, — 1.

e Dy: Execution duration depends on the DNN model and
batch size, obtained from offline profiling, i.e., Dy = dj,
where dj, is the profiled duration at the current batch size.

Forward. As discussed, Request Broker collects the la-
tency information for subsequent modules L, = Zfi ee1 Qit

fikﬂ D; + Zfikﬂ W; from State Planner.

In summary, as shown in Figure 4, before a request enters
a batch via Request Broker (i.e., at ¢, in Figure 5), Request Bro-
ker and State Planner could obtain all bi-directional runtime
information in Equation 1 and Equation 2. Request Broker
then calculates end-to-end latency L as in Equation 3. For
directed acyclic graph (DAG) pipelines, where each vertex is
a module, PARD estimates the latency L’ of a request along
each subsequent DAG path and takes the maximum as the
end-to-end latency estimation.

L= IL';7re + Leur + Lsup (3a)
— N N -1
=te—ts+de + 2ip i+ 2igyr di + Fiyy (A (3b)

———
Request Broker State Planner

4.3 Adaptive Request Priority

Insight and Approach. To select the set of requests to drop
that enhances goodput, PARD dynamically reorders requests
based on their remaining latency budget and workload inten-
sity. PARD employs a double-ended priority queue (DEPQ) to
alter the request decision order and designs adaptive request
prioritization to handle bursty workloads as follows.

First, requests should be reordered by remaining latency
budgets, since arrival order does not reflect them. Batch-
ing introduces uncertainty: consecutively arriving requests
may experience different wait times in preceding modules,
making arrival order ineffective for estimating remaining
budgets. Therefore, PARD should use an efficient reorder-
ing strategy based on remaining latency, as illustrated in
Figure 3a, to select the proper set of requests to drop.

Second, PARD should reorder requests dynamically based
on workload, since the causes of request dropping vary with
workloads. During bursts, drops mainly arise from queueing
delays caused by request accumulation. In this case, PARD’s
reordering should reduce the queueing delay, thereby pre-
serving larger latency budget for subsequent modules. Con-
versely, under steady workloads (i.e., input workload does
not exceed worker throughput), the main reason for drop-
ping is latency uncertainty. For example, in Figure 7, suppose
a worker needs one more request to form a batch, with Ry
and Rs waiting. Ry has experienced longer latency in pre-
ceding modules and arrives later than Rs. If Rs is chosen,
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R4 will suffer a long batch wait and miss the deadline; if Ry
is chosen, both meet the latency objective. In such cases,
reordering should prioritize requests with lower remaining
budgets, reducing queueing and wait time to complete more
requests within the latency objective.

In summary, PARD should adapt to bursty and variable
inference workloads by selectively dropping requests to im-
prove goodput. To achieve this, it employs two request pri-
oritization mechanisms and a delayed adaptive priority tran-
sition policy, reordering requests in real-time based on re-
maining latency budget and workload intensity.

Request Priority with DEPQ. PARD prioritizes requests us-

ing a double-ended priority queue (DEPQ), deciding which to

drop based on remaining latency budgets and workload inten-
sity. This ensures that the correct set of requests is dropped.

We define the module load factor y = T;, /Ty, where Ty, is

the input workload and T, is the module throughput deter-

mined by batch size and execution duration. y thus indicates

whether the system is under-provisioned. Depending on y,

PARD applies two policies:

e u > 1: The system is under-provisioned. To avoid ex-
cessive queueing that consumes latency budgets, PARD
applies the High Budget First (HBF) policy, prioritizing re-
quests with the largest remaining budgets. This preserves
more budget for subsequent modules, thereby reducing
the probability of requests being dropped, lowering drop
rate and invalid rate (§5.3).

e 4 < 1: The workload is within module’s processing ca-
pacity. To reduce unnecessary drops caused by latency
uncertainty, PARD applies the Low Budget First (LBF)
policy, prioritizing requests with the smallest remaining
budgets. This reduces the probability of dropping requests
with smaller latency budgets, leading to a lower drop rate
and higher goodput (§5.3).

PARD implements both prioritization strategies using a
DEPQ in each worker, with the remaining latency budget as
the priority. The DEPQ can simultaneously pop requests with
the largest and smallest remaining latency budgets using a
min-max heap. PARD uses DEPQ to enable more effective
dropping decisions based on remaining latency budget and
workload burstiness rather than arrival order.

Adaptive Priority with Delayed Transition. To ensure
smooth switching between HBF and LBF, PARD adapts pri-
oritization based on two thresholds, Thygr = 1.0 + € and
Thipr = 1.0 —e. When p > Thypp, it switches to HBF; when
u < Thypr, it switches to LBF. For y within [1.0 — €, 1.0 + €],
the priority remains unchanged, avoiding frequent changes
from workload fluctuations and sustaining higher goodput
(§5.3). The boundary € is computed dynamically as € =
%, where T is the workload smoothed by a sliding-
window average. This allows € to expand under bursty work-
loads, suppressing frequent switches and ensuring stable
priority transitions with consistently high goodput (§5.2).
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5 Evaluation

We compare PARD against existing inference systems in
terms of its goodput and request drop rate. Then, we perform
an ablation study to quantify the importance of PARD’s
design decisions on goodput enhancement.

5.1 Methodology

Implementation. We implement PARD in roughly 15k lines
of Python: 6.5k for system and tests, 5k for the application li-
brary, and the rest for benchmarks. PyTorch [33] serves as the
default inference backend. Before startup, PARD performs an
offline profiling to obtain per-model execution duration and
throughput under various batch sizes for online latency esti-
mation. PARD also adopts dynamic batching and resource
scaling similar to [1, 5]: yields feasible batch sizes and per-
worker throughput based on offline profiling, and adjusts the
number of workers per module based on request rate and
per-worker throughput at runtime. Controllers and work-
ers run in separate containers, communicating via gRPC for
low-overhead request routing and state exchange.

To support widely deployed DAG-style pipeline appli-
cations [2, 34], PARD defines a pipeline via a JSON file
composed of module configurations (name, id, pres, subs),
where name is the module registered in the application li-
brary, pres and subs specify the preceding and subsequent
module IDs. PARD automatically splits requests when subs
contains multiple modules and merges sub-requests when
pres has multiple inputs. In such cases, the State Planner
estimates a request’s end-to-end latency as the maximum
across all DAG paths, as described in §4.2.

Testbed. Experiments run on a 16-machine cluster, each with
4 NVIDIA 2080Ti GPUs and 48 CPU cores. We virtualize the
cluster into 64 worker containers (one GPU per container).
NTP [35] keeps clocks synchronized to millisecond-level ac-
curacy so that cross-container timestamps are correct when
computing cross-module latencies (e.g., t. — ts in Equation 3)
for dropping decisions.

Workload. Following prior works [1, 2, 5, 6], we build three
real-world pipelines: (1) tm (traffic monitoring), which uses
three models (object detection, face recognition, and text
recognition) to monitor vehicle and pedestrian information.
(2) 1v (live video analysis), which analyzes live video using
five models (person detection, face recognition, expression
recognition, eye tracking, and pose recognition). (3) ga (game
analysis), which analyzes game streaming using five models
(object detection, kill count detection, alive player recogni-
tion, health value recognition, and icon recognition). We also
build a DAG-style pipeline based on 1v: (4) da (DAG-style
live video analysis), where requests from person detection
module are simultaneously forwarded to the pose recogni-
tion and face recognition modules, and their outputs are
subsequently merged in the expression recognition module.
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Table 1. Ablation baselines considered in §5.3.

Ablation Source Key characteristic

PARD-back  [2, 28]
PARD-sf [21]
PARD-oc [44]
PARD-split 22]

Considers preceding modules only
Ignores Q, W of subsequent modules
Overload control based on Q

Fixed per-module SLO split

PARD-WCL - Split latency budget dynamically
PARD-lower Assumes batch wait as 0
PARD-upper - Assumes batch wait as 2d;
PARD-FCFS [1] Drops by arrival order
PARD-HBF - High-Budget-First only

PARD-LBF 9] Low-Budget-First only

Following prior work [1, 2, 5], we set latency SLOs for the
pipelines to 400ms, 500ms, 600ms, and 420ms, respectively,
enabling flexibility for dynamic batching and resource effi-
ciency. We also conduct a sensitivity study in §5.4 to evaluate
how PARD performs under tighter and looser SLOs. Input
video streams are collected from public datasets [36, 37] and
video streaming platforms [38, 39]. As shown on the left of
Figure 10, we replay three representative real-world traces
as request rates: the Wikipedia access trace [40], the Twitter
access trace [41], and the Azure Function trace [42]. These
traces capture typical periodic and bursty patterns of DNN
inference workloads and are widely used in evaluating infer-
ence serving systems [10, 31, 43].

Baseline. We use Nexus [1] and Clipper [22] as primary
baselines because they are open-source and implement drop-
ping policies. Nexus adopts a reactive policy that scans the
queue in arrival order with a sliding window equal to the
batch size, stopping at the first position where all requests in
the window can meet the current module’s latency budget
and dropping all earlier ones. Clipper, designed for single-
module applications, drops requests only if they already
exceed the latency objective before inference. Following [1],
we extend Clipper to Clipper++ for pipelines by propor-
tionally dividing the end-to-end SLO across modules, i.e.,
SLOy = SLO # dy./ YN, d;, and making per-module drop de-
cisions accordingly. We also include a naive baseline, which
applies no dropping policy.

Several recent serving systems also incorporate request
dropping [2, 9, 21, 28, 44]. To isolate each design in PARD, we
construct ablation baselines by disabling or replacing com-
ponents with those from these systems. Table 1 summarizes
these baselines, with detailed explanations in §5.3.

Metrics. We focused on three metrics: (1) Goodput: the num-
ber of requests completed within the latency objective per
unit time, indicating quality of service. We focus on periods
of the workload that require request dropping and provide
the goodput during these periods. (2) Drop rate: the ratio
of dropped requests to total requests. Requests that have
completed inference but violate the SLO are also considered
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Figure 8. Average drop rate and invalid rate of PARD and
baseline systems under 12 workloads.

dropped requests. (3) Invalid rate: the ratio of invalid compu-
tation to total computation, defined as the ratio of GPU time
consumed by dropped requests to the total GPU time con-
sumed by all requests. An optimal inference system should
enhance goodput while minimizing drop and invalid rates.

5.2 Comparison Results

Overall Results. Figure 10 presents the normalized good-
put of PARD compared with three alternatives, where PARD
maintains higher goodput across nearly the entire period.
Specifically, as shown in Figure 8, PARD drops an average of
only 0.12%-3.6% of requests under various workloads, which
reduces the drop rate and wasted computation resources by
1.6X-16.7Xx and 1.5X-61.9x than Nexus and Clipper++. There-
fore, as shown in Figure 10, PARD increases the goodput by
16%-176% compared to Nexus and Clipper++, indicating the
effectiveness of its proactive dropping policy. Besides, the
naive baseline has the worst goodput under all six workloads,
with average drop and invalid rates up to 35X and 129X those
of PARD, highlighting the importance of request dropping
for goodput enhancement.

To understand the performance gap, we attribute the ad-
vantage of PARD to two factors, further validated by the
ablation study in §5.3. First, existing systems fail to decide
when to drop requests across modules. Nexus makes reactive
dropping decisions without considering the latency budget
for subsequent modules, causing 51%-97% of drops to clus-
ter in the latter half of the pipeline. Clipper++ identifies
requests with insufficient latency budget earlier by split-
ting the end-to-end latency SLO into per-module budgets.
However, 31%-89% of drops still occur in later modules, and
the system suffers higher invalid rates than both Nexus and
PARD since splitting restricts requests’ latency budget flexi-
bility (§5.3). In contrast, PARD’s proactive dropping enables
early decisions based on end-to-end latency estimation. Thus
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PARD achieves lower invalid rates and drop rates, leading
to higher goodput.

Second, existing systems fail to select which requests to

drop properly. Both Nexus and Clipper++ drop requests
purely in request arrival order, ignoring remaining latency
budgets and workload intensity. This design wastes latency
budgets during bursts and adds unnecessary queueing delays
for requests with tighter deadlines, yielding transient drop
rates up to 90% and 96% (Figure 9). Instead, PARD dynami-
cally reorders requests using adaptive priority for selective
dropping decisions, cutting transient drop rates by 41%-98%
across all timescales compared with baselines and consis-
tently improving goodput (Figure 9).
Applicable to DAG workloads. In DAG-style pipelines,
PARD estimates the maximum end-to-end latency across
all branches and drops requests accordingly. As shown in
Figure 8a, this yields 2.1x-12.6X and 3.1x-16.7x lower drop
rates than Nexus and Clipper++ under application da. Unlike
lv, da executes pose and face recognition modules in parallel;
dropping in one module invalidates computation in the other
one for da. This raises PARD ’s invalid rate to 1.21X-1.36X
that of 1v, though still 3.2Xx-15.9x lower than baselines.

Recent DAG pipelines further complicate request drop-
ping with request-specific dynamic paths [43, 45, 46], where
the chosen branch depends on intermediate results. This
variability amplifies latency uncertainty and reduces the
accuracy of PARD ’s dropping decisions. To evaluate this,
we adapt da so each request probabilistically takes either
the pose or face branch. In this setting, PARD ’s drop rate
rises by 0.05X, 0.21x%, and 0.10X across three traces due to
mis-estimation. Request-path prediction techniques [47, 48]
could be incorporated into PARD to yield more accurate
latency estimation, which we leave for future work.
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Figure 11. Comparison results of PARD and its alternatives:
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dropped requests at each module.

5.3 Ablation Study

In this section, we disable each of PARD’s features to demon-
strate its contribution to guaranteeing goodput’.

How important is proactive latency estimation? PARD
outperforms alternatives by making timely drop decisions us-
ing end-to-end latency estimates derived from bi-directional
runtime information (§5.2). To verify that, we compare against
(1) PARD-back, which considers only preceding and current
modules (i.e., Lg,p = 0), similar to Clockwork [28], Nexus [1],
and Scrooge [2]; (2) PARD-sf, which accounts for execution
durations of subsequent modules (i.e., L, = Zﬁ\i pp @i), simi-
lar to DREAM [21]; and (3) PARD-oc, which adopts DAGOR’s
overload control strategy [44]. In PARD-oc, requests are
dropped when the average queueing delay of a module ex-
ceeds a threshold T; the module then notifies preceding mod-
ules and admits requests at a rate of (1 — @) X input_rate
simultaneously'’.

Note that we use 1v-tweet workload for ablation study and sensitivity
analysis. Other workloads show similar results and are omitted for brevity.
10We tune T and « for each traces, and obtain the best performance with
a = 0.4, T = 20ms for the wiki, and T = 25ms for tweet and azure.

As shown in Figure 11a, PARD-back, PARD-sf, and PARD-
oc yield drop rates 1.1x-3.6X higher than PARD, with in-
valid rates 2.1X-24X higher. PARD-back ignores downstream
budgets, causing an average drop rate of 9.5%, and 95% of
drops concentrated in the last module, producing the high-
est invalid rate (Figure 11b). PARD-sf improves to a 4.5%
drop rate with 76% of drops in the last module, but still
suffers late drops by neglecting subsequent queueing and
batch wait (Zfi s Qi and Z?:’ +1 Wi), highlighting their im-
portance. PARD-oc achieves fewer late drops by jointly throt-
tling admission across modules, with only 7.2% requests
being dropped in the last module. However, its microservice-
oriented design overlooks the large latency uncertainty from
batching. This coarse-grained design still yields drop and
invalid rates 2.1x and 3.0x higher than PARD, highlighting
the need for proactive latency estimation in DNN pipelines.

In contrast, PARD, by accurately estimating L}, con-
centrates 87% of drops in the first two modules, reducing
invalid rates by 2.1x to 24X than three baselines. The reduced
computation benefits other requests, reducing the average
queueing delay by 4.7% to 12%. Consequently, PARD’s proac-
tive policy with bi-directional runtime information reduces
drop rates by up to 52% to 78%.

Why not split the latency objective? PARD drops requests
by comparing estimated end-to-end latency L with the over-
all SLO. An alternative is to split the SLO into per-module
budgets and drop requests when their latency exceeds a
module’s budget. We argue this approach cannot drop re-
quests properly. To validate, we compare: (1) PARD-split,
which splits the SLO into fixed per-module budgets, similar
to Clipper++; and (2) PARD-WCL, which dynamically allo-
cates budgets based on modules’ runtime worst-case latency
(WCL), including queueing, batch wait, and execution.
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As shown in Figure 11a, PARD-split incurs drop and in-
valid rates 2.6x and 6.7X higher than PARD. Splitting pre-
vents early modules from over-consuming budgets, concen-
trating 51% of drops in the first two modules (Figure 11b)
and keeping the invalid rate low (0.82%). However, splitting
limits flexibility: when a module suffers queueing delays
from cold starts (e.g., around 200s and 600s in Figure 12a),
the system cannot reallocate budgets to mitigate the bot-
tleneck. PARD-WCL reduces drop and invalid rates by 30%
and 27% relative to PARD-split by dynamically allocating
budgets according to WCL. While even with tuned allocate
frequency, it still underperforms due to budget demands fluc-
tuating rapidly across modules (Figure 12a), and batching
introduces large variation in per-request latency (Figure 12d).
As a result, its drop and invalid rates remain 2.8X and 5.4%
higher than PARD. These results show that neither static
nor dynamic splitting can handle the latency uncertainty
of batching in DNN pipelines. In contrast, by treating the
pipeline as a whole and estimating end-to-end per-request
latency, PARD achieves 64% and 72% lower drop rates than
PARD-split and PARD-WCL.

Why use a sweet spot w;? Because the aggregated batch
wait time YN i—k+1 Wi is unpredictable and highly variable,
PARD derives a sweet spot wi to estimate it for dropping
decisions. To validate this design, we compare PARD with: (1)
PARD-lower, which assumes the lower bound Zl 1 Wi =
0 (ie, Loy = Zl e Qi Zl 11 d1); and (2) PARD-upper,
which assumes the upper bound N W, = 3N 4, (ie,
Loub = L Qi +2 Liles &)

As shown in Figure 11a, PARD-lower under-estimates

i k +1 Wi, mis-keeping requests that lack sufficient budgets
for later modules. Its invalid rate is 3.5% higher than PARD,
with 3.2X more drops concentrated in the last three modules
(Figure 11b), lowering goodput by 6.8%. In contrast, PARD-
upper over-estimates Zl ~k+1 Wi, mis-dropping requests with
adequate budgets. It yields a drop rate 1.3 higher, leading to
6.5% lower goodput. Figure 12b further shows that Zl Lk Wi
exhibits far greater variance than 21 e+t Q; or Zl kel D
Hence, PARD derives wy within [0, 2 d;] to estimate
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Figure 13. Load factor and prioritization mechanism transi-
tion in PARD and PARD-instant.

A k +1 Wi. While some requests are still mis-kept or mis-
dropped, this sweet-spot estimation balances drop and in-
valid rates, thereby improving goodput.

Why does the remaining latency budget matter? Reac-
tive policies drop requests in arrival order, leading to subop-
timal decisions. In contrast, PARD selects the dropping set
based on remaining latency budgets and workload intensity,
sustaining goodput under diverse workloads. To verify this,
we compare with: (1) PARD-FCFS, which drops by arrival
order like Nexus [1] and Clipper++; (2) PARD-HBF, which
always applies HBF; (3) PARD-LBF, which always applies
LBF, similar to SHEPHERD [9]; and (4) PARD-instant, which
applies HBF and LBF without delayed transition.

As shown in Figure 11a, the drop rates for PARD-FCFS,
PARD-LBF, and PARD-HBF are 1.8X%, 2.2X, and 0.5X higher
than PARD’s due to several factors. (1) During workload
bursts, PARD-FCFS always prioritizes the earliest arrived
requests, over-consuming subsequent requests’ latency bud-
gets and causing accumulation (Figure 12c). This increases
queueing delay by 34% and reduces goodput by 24% com-
pared to PARD. Similarly, PARD-LBF suffers from request
accumulation, resulting in a goodput 29% lower than PARD’s.
(2) During steady workloads, PARD-FCEFS fails to make proper
dropping decisions due to latency uncertainty. Figure 12d
shows highly variable, time-independent remaining latency
budgets for 100 requests in M, and Ms. Ignoring this variabil-
ity, PARD-FCFS and PARD-HBF achieve 24% and 6% lower
goodput than PARD. Although PARD-instant achieves the
lowest drop rate among the baselines, it still drops 25% more
requests than PARD due to frequent transition between HBF
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and LBF during fluctuations (Figure 13). Conversely, PARD ’s
delayed transition provides smooth switching and achieves

the highest goodput.

5.4 Sensitivity and Overhead Analysis

Stress-testing. PARD makes timely, precise dropping deci-
sions using bi-directional runtime information and workload
intensity. To evaluate its behavior under heavy load, we fix
the instance number of PARD and three baselines, and in-
crease the request rate until goodput stabilizes. As shown in
Figure 14a, Naive quickly fails to meet the SLO because it can-
not clear accumulated requests. Nexus and Clipper++ also
degrade since they rely on unidirectional information and
over-consume latency budgets. When request rates exceed
the testbed’s capability, PARD achieves 11.9%-132.9% higher
goodput and the gap between PARD ’s goodput and the op-
timal goodput (i.e., the minimum of request rate and system
throughput) is 3.4X-23.4X smaller than that of baselines.

Sensitivity to SLO. We set each application’s SLO follow-
ing prior works [1, 2, 5] and evaluate sensitivity by varying
SLOs from 200ms to 600ms. To meet different constraints,
all systems adjust expected batch sizes for each module.
As shown in Figure 14b, PARD sustains lowest drop rates
(0.85%-3.04%) across SLOs, which is 1.9x-5.3X lower than
baselines, demonstrating the robustness of PARD ’s design.

Sensitivity analysis of . We evaluate the sensitivity of
quantile A, which determines wg. As shown in Figure 14c,
the optimal A is not always 0.1 but consistently lies between
0.075 and 0.15, with drop rates showing little variation within
this range. Moreover, while A = 0.5 yields lower batch wait
estimation error by approximating the mean batch wait time
(Figure 6), the default A = 0.1 achieves a 1.1%-2.0% lower
drop rate by mitigating irreversible mis-drops (§4.2). There-
fore, we set A = 0.1 by default. For new applications, we also
recommend 0.1 as the default setting, while users can also
tune A for the best performance.

Sensitivity to window size. PARD applies a 5s sliding win-
dow to smooth recent queueing delays. As in Figure 14d,
the optimal window is trace-dependent: bursty traces such
as tweet (coefficient of variation, CV = 1.0) and azure
(CV = 1.3) favor shorter windows due to rapidly varying
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queueing delays, while the stable wiki trace (CV = 0.47)
benefits from longer ones. The drop-rate gap between each
trace’s optimum and the 5s default is only 3.2%-6.3%, con-
firming that the default is sufficient for our main results. For
new workloads, a practical guideline is: 5-7s for stable traces
(CV < 0.5), 3-5s for moderately bursty traces (0.5 < CV <
1.0), and 1-3s for highly bursty traces (CV > 1.0).

Overheads. PARD introduces three sources of overhead: (1)
Batch-wait distribution updates, executed asynchronously on
a separate thread with complexity O(MN) (M = 10,000 sam-
ples over N modules, typically N < 6 [2, 4, 5]). This process
is independent of the worker count and adds no extra request
latency. (2) State synchronization, which exchanges compact
module states (queueing delay, batch size, throughput, drop
rate, and batch-wait distribution) bundled into one proto-
buf package per second in a separate thread. This results in
< 3.2 Kbps traffic per worker, which is negligible compared
to the 240-640 Mbps data plane bandwidth. Even scaling to
1000 workers, the aggregate control traffic remains small
(= 0.64 Mbps), ensuring scalability. (3) Request reordering
in DEPQ, with put () and get() operations of O(log n) for
average queue length n. Since this overhead is local to each
worker, it does not increase with cluster scale. Experiments
show these operations add less than 0.16% request latency.

6 Related Work

Request Dropping. Numerous inference systems adopt
dropping to ensure service quality [1, 2, 4, 21, 22, 28, 30].
Nexus [1], Scrooge [2], and IPA [4] drop requests without
considering downstream latency budgets, similar to PARD-
back, which wastes resources by executing requests already
close to timeout. DREAM [21] assumes requests will run with
the smallest batch size and no queueing in later modules,
similar to PARD-sf, leading to drop-too-late issue. Orloj [30]
and Clockwork [28] target single-model workloads, drop-
ping only when deadlines are missed or remaining budget
is insufficient. Extending them to pipelines through latency
splitting (e.g., PARD-split or PARD-WCL) still yields reactive,
stage-local designs that lack pipeline-wide awareness.

1We analyze A sensitivity on tweet trace and window size sensitivity on
1v application, omitting other workloads as they exhibit similar trends.
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Table 2. Evaluation setup of RAG workflow.

Setup Description

Testbed 2 X A100-80GB GPUs, vLLM v0.9.0 [58], LangChain [59]
Input 10k queries from HotpotQA [60] (Azure trace).

Rewrite  Rewrite query with Llama-3-8B [61] (continuous batching).

Retrieve Retrieve relevant context from FAISS [62] database, which
contains 483k items from HotpotQA (batching execution)

Search Search online with Tavily API [63] (multithreading).

Generate Generate answer with Llama-3-8B (continuous batching).

Beyond inference, several overload control techniques for
microservices and DAG workloads [44, 49-51] can also be
viewed as request dropping. These methods perform reactive
admission control based on queueing delays or instantaneous
load. However, like PARD-oc, they neither handle latency
budgets across modules nor address batching-induced un-
certainty, limiting their effectiveness for inference pipelines.

Latency Profiling. PARD estimates per-request end-to-end
latency by decoupling and profiling latency distributions to
enable proactive dropping. Prior works [9, 28, 30, 52, 53] also
profile request latency online but with different challenges
and approaches. Orloj [30] captures empirical execution la-
tency distributions in dynamic DNNs for request scheduling
and batching to improve finish rates. Protego [53] monitors
contention queues to estimate per-request queueing delays
and drop requests that would miss SLOs, thereby reducing
tail latency. MittOS [52] predicts I/O request latency in the
OS via queueing and device-efficiency profiling, rejecting re-
quests unlikely to meet SLOs for early failover. While PARD
shares these insights on latency profiling and early rejec-
tion, it faces the unique challenge of highly uncertain batch
wait times, amplified by model cascades. This motivates its
pipeline-specific design, which balances over- and under-
estimation to achieve high goodput.

Other works [54-56] use profiled latency distributions to
locate bottlenecks or manage resources rather than making
per-request decisions. Nonetheless, their approaches inspire
PARD ’s batch-wait estimation.

Request Priority. Several inference systems [9, 57] assign
priorities to requests similar to PARD-HBF and PARD-LBF.
For example, Shepherd [9] prioritizes requests with the clos-
est deadlines, while GrandSLAm [57] reorders requests in
descending order of remaining latency budget. However,
these systems adopt fixed priority schemes, limiting their
ability to sustain high goodput under diverse workloads.

Inference Optimizations. Besides, numerous systems pro-
pose other inference optimization techniques for DNN serv-
ing, including resource scaling [3, 64], batching-aware sched-
uling [32, 65], GPU scheduling [16, 17], ensembling [10, 66],
pipelining [67, 68], and spot instances [8, 69]. PARD’s proac-
tive request dropping is orthogonal to these approaches and
can be combined to further enhance the quality of service.
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Figure 15. Proactive drop demo in RAG workflow.

7 Applicable to Other Workload

The core insight of PARD, that proactively dropping certain
requests can enhance overall goodput, generalizes beyond
DNN inference pipelines. To evaluate PARD under a stress
test scenario where its assumptions are challenged, we ap-
ply it to Retrieval-Augmented Generation (RAG) [70]. RAG
shares multi-stage execution and strict latency SLOs with
DNN pipelines but introduces autoregressive generation and
continuous batching, which break PARD’s assumption of
fixed execution duration and batch wait.

As a case study, we implement a four-module RAG pipeline
as detailed in Table 2, where retrieve and search run in
parallel as a DAG-style workflow. We set a time-to-first-
token (TTFT) SLO of 5s and compare two dropping policies:
(1) proactive, a customized version of PARD’s proactive drop-
ping that estimates rewrite and search latencies by recent
averages and estimates generate’s prefill latency using of-
fline profiling and input length, while retrieve latency is
estimated as in PARD; and (2) reactive, which drops requests
only after exceeding the TTFT SLO.

As in Figure 15a, proactive dropping reduces drop rate by
22%, confirming its applicability. However, Figure 15b high-
lights key differences from DNN inference: rewrite latency
varies with output length; rewrite and generate use con-
tinuous batching, eliminating batch wait; and search suffers
long-tail latency from network delays. Consequently, even
proactive dropping leaves 17% of requests dropped. With
oracle knowledge of rewrite output length (from offline
runs with temperature 0), the drop rate falls to 11% (policy
predict in Figure 15a). While unrealistic in practice, this can
be approximated using orthogonal prediction strategies.

Limitation. First, for autoregressive models (e.g., in RAG),
the execution duration depends on the output token length,
which is unknown beforehand. PARD currently relies on
offline profiling, leading to estimation errors. Orthogonal
output-length prediction techniques [71, 72] could be inte-
grated to improve PARD’s accuracy. Second, for DAG work-
flows with request-specific dynamic paths (e.g., conditional
execution), PARD conservatively estimates the maximum
latency across all potential branches. This may lead to over-
estimation and unnecessary drops. Future work can incor-
porate request-path prediction [47, 48] to identify the likely
path for more accurate proactive dropping.
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8 Conclusion

In this paper, we present PARD, a DNN inference system
designed to enhance goodput by proactively dropping cer-
tain requests to meet latency objectives under real-world
workloads. PARD leverages novel proactive request dropping
and adaptive request priority methods to determine when
to drop requests and which requests to drop at each module,
optimizing goodput for the entire workload. Unlike exist-
ing systems’ reactive dropping policies, which suffer from
drop-too-late and drop-wrong-set issues, PARD’s proactive
approach significantly improves the goodput. The evaluation
shows that PARD achieves 16%-176% higher goodput than
the state of the art, while reducing the drop rate and invalid
rate by 1.6X-17X and 1.5X-62X respectively.
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