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Abstract

The rapid advancement of large language models (LLMs) has
led to significant improvements in their capabilities, but also to
increased concerns about their alignment with human values
and intentions. Current alignment strategies, including adap-
tive training and inference-time methods, have demonstrated
potential in this area. However, these approaches still strug-
gle to balance deployment complexity and capability across
various tasks and difficulties. In this work, we introduce the
Streaming Distribution Induce Aligner (Stream Aligner), a
novel alignment paradigm that combines efficiency with en-
hanced performance in various tasks throughout the generation
process. Stream Aligner achieves dynamic sentence-level cor-
rection by using a small model to learn the preferences of
the suffix sentence, iteratively correcting the suffix sentence
output by the upstream model, and then using the corrected
sentence to replace the suffix sentence in subsequent genera-
tions. Compared to Aligner, our experiments demonstrate that
Stream Aligner reduces reliance on the capabilities of addi-
tional models, enhances the reasoning abilities of LLMs, and
decreases latency during user interaction. Specifically, Stream
Aligner-2B model has achieved a maximum improvement of
41.2% in helpfulness, 36.0% in harmlessness on the tested
Llama2-70B-chat model, and Stream Aligner-8B has achieved
an improvement of 3.5% on the math ability of the tested
Llama3-70B-Instruct model.

1 Introduction

Large language models (LLMs) can perform various down-
stream tasks (Touvron et al. 2023; Achiam et al. 2023), but
they may exhibit unintended behaviors (Ji et al. 2024c; Hub-
inger et al. 2024). The alignment of LLMs aims to ensure
the behaviours of LLMs are consistent with human inten-
tion and value (Ji et al. 2023, 2024d). As LLMs continue
to scale up in size and capability, the need for lightweight,
model-agnostic, yet efficient alignment methods becomes
increasingly critical.

Currently, training methods such as supervised fine-tuning
(SFT) and reinforcement learning from human feedback
(RLHF) (Ouyang et al. 2022; Taori et al. 2023; Ji et al. 2024d)
are the most widely recognized approaches to alignment (Bai
et al. 2022a; Rafailov et al. 2024; Bai et al. 2022b; Dai et al.
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Figure 1: Operational Dynamics of the Stream Aligner
Generation Pipeline. Stream Aligner serves as an plug-and-
play module in the generation pipeline. It corrects the sen-
tence generated by the upstream model and then feeds the
corrected suffix back to the upstream model for further gener-
ation until the end of responses. This pipeline ensures every
sentence in the output is aligned with the Stream Aligner
model, thereby aligned with the human preference.

2023). However, as the scale of LLMs increases, these train-
ing methods also face issues of rising data requirements,
computational power consumption (Ding et al. 2023), and ex-
tremely sensitive to parameters and training data, especially
in reasoning-related tasks (Casper et al. 2023).

Inference-time methods, including speculative sampling
(Chen et al. 2023), and safe-decoding (Xu et al. 2024), refine
the inference algorithms to alter the text generation mech-
anisms of LLMs. These adjustments seek to align the re-
sponses and better elicit the latent knowledge of LLMs in a
manner that avoids the expense and time commitment of ad-
ditional training (Paul, Ajeya, and Xu 2024). Inference-time
methods share the advantage of lightweight and deploying
convenience, but they generally struggle to precisely distill
human value and intent into the LLMs outputs in long con-
text generation since a single token output cannot carry a
complete unit of semantics (Ji et al. 2024a).

Meanwhile, the approach of incorporating additional mod-
els to base models has been drawing much attention recently.
These approaches aim to distill human preferences within
a smaller additional model, which is later incorporated into
the predefined generation pipeline along with the targeted
upstream model, as demonstrated by works like Aligner (Ji
et al. 2024a; Yang et al. 2024). These methods can achieve



outstanding performances in areas such as value alignment
and multi-objective alignment. However, these methods also
have certain drawbacks: they are not able to fully elicit the
latent knowledge of the upstream model, leading to a high
dependency on the capabilities of the additional models in
tasks related to model capability, thus making it difficult to
achieve good performance; at the same time, these methods
have relatively high latency, which affects user experience.
This brings about a further need: How can we elicit the capa-
bilities of upstream models according to human preferences
in the inference process?

In this work, we combine the advantage of inference-time
strategies and additional models to propose Streaming Dis-
tribution Induce Aligner (Stream Aligner), a sentence-level
correction mechanism that stimulates the potential of the base
model while conserving the distillation of human preferences.
This is achieved by narrowing down the correction scope of
Aligner to sentence level, feeding the corrected output back
to the base model, and repeating this process. Specifically,
Stream Aligner is fine-tuned on a preference dataset to learn
the residuals of preferred and non-preferred last sentences
under a fixed prompt and answer prefix. It is then integrated
into the generation cycle depicted in Figure 1, continuously
correcting sentences generated by the upstream model and
incorporating them into the prefix to achieve sentence-level
alignment. Compared to Aligner’s single-round generation,
Stream Aligner’s paradigm has the following advantages:

* Reduced dependency on additional model capabilities
Stream Aligner achieves distribution induction through
sentence-level correction, thereby leveraging more of the
performance of the upstream model and reducing depen-
dence on the size and scale of the additional model. Specif-
ically, we apply the Stream Aligner 2B model to correct
the Llama2-70B-chat model, resulting in an increase in
the helpfulness of responses by 41.2% and an increase in
the harmlessness of responses by 36.0%, which is signifi-
cantly higher than the results of Aligner-7B.

* Enhanced reasoning abilities through step-by-step cor-
rection In tasks related to reasoning, Stream Aligner’s
distribution induction is observed to correct the incorrect
part of the reasoning process in the upstream model and
add inductions to the correct answer for subsequent steps,
thereby enhancing the model’s reasoning abilities. For
a detailed comparison between Stream Aligner and the
classic generation method, please refer to Figure 2. The
experiments show that the longer the average intervention
by Stream Aligner on the test set, the higher the accuracy
after the intervention, as shown in Figure 3.

2 Formulation of Stream Paradigm
Preliminary: SFT and the Aligner Paradigm
Supervised Fine-tuning(SFT) SFT aims to fine-tune pre-
trained LLM through supervised learning to generate target
answers. For a high-quality dataset Dspy = {x(?), y}N
the SFT objective is to obtain a model ﬂ'SFT to minimize the
negative log-likelihood loss:

L (8; Dsrr) = ~E(z )~y logmo(ylz)]. (1)
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Algorithm 1: Stream Aligner Module

Require: Sentence-level preference dataset D where it con-
tains {q;, p;, yil, yf »_1; pre-train model M; upstream
model M p; prompt dataset Dy:{q; }I—,

Ensure: Generated dataset Dyy:{q;, a; }",
Initialize model A with weights from M
Stagel: Stream Aligner Training
for each epoch do

for each (q;, pi, y},y?) € D do
y; + A.generate(q; + p; + y})
04 < 04 —1VoL(Yi,y7)
end for
end for
Stage2: Stream Aligner Inference
for each g; € Dy do
Initialize p; + @
while True do
y} < Mp.generate(q; + p;)
y? + A.generate(q; + p; + y})
p; < concatenate(p;, y?)
if y? = @ or |p; > max_length| then
break;
end if
end while
Acquire final answer a; = p;
Dyyn.append(q;, a;)
end for

The Aligner Paradigm The Aligner (Ji et al. 2024a) fine-
tunes the model based on a preference dataset M to learn
the correction residuals between preferred and non-preferred

responses. For a dataset M = {w(i), y((f), ygl)}izl, where
a represents the user’s query, y, is the original answer, and
Y. is the corrected answer according to established princi-
ples, Aligner is a conditional seq2seq model parameterized
by ¢, denoted as g (y.|Yo, ). The model reassigns the pre-
liminary answer vy, to the aligned answer y.. The training
objective of Aligner is to minimize the following loss:

‘CAligner(¢7 M) = _]EM [10g /’L¢(yc|y0; .’B)] . (2)

Training and Inference Pipeline of Stream Aligner

Compared to Aligner, Stream Aligner refines the original
correction process by correcting each sentence step by step,
thereby improving the accuracy of the correction paradigm.
The following describes the specific training and inference
process of Stream Aligner. The entire pipeline of the Stream
Aligner algorithm is shown in Algorithm 1.

Stream Aligner Model Training Stream Aligner learns
the residuals between preferred and non-preferred responses
through a sentence-level preference dataset D. For a sentence-
level preference dataset D = {q;, pi, Y}, y?}" ;. where q
represents the user’s query, p is the common response prefix
of y! and y2, and y' is the original answer while y? is
the corrected answer according to established principles, the
Stream Aligner model, parameterized by 0 and denoted as A,
reduces the residual between y' and 42 conditioned on the
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Figure 2: Comparative Demonstration of the Stream Aligner Module. Typically, the Stream Aligner has two working patterns
depending on the original suffix sentence: (i) If the suffix is correct, copy it; (ii) If the suffix is incorrect or unsatisfying, rewrite it
to make it correct and better. In this way, Stream Aligner can eliminate minor mistakes and toxic output made by the upstream
model, thereby eliciting more correct latent knowledge and reducing the reliance on Stream Aligner capability.

question g and the prefix p. The training objective of Stream
Aligner is to minimize the following loss:

EStreamAligner(Ba D) =—Ep [1Og A(y2|y17 q-+ p)] NE)

Stream Aligner Model Inference During the inference pro-
cess of Stream Aligner, the Stream Aligner takes the question
and the prefix g + p as input, where p is initialized as &, and
the upstream model My generates the original answer y*
step by step. The trained Stream Aligner model then corrects
this answer with y2. Each generated correction is incorpo-
rated into the prefix p until the generation stops or the prefix
exceeds the maximum length. The final answer to the ques-
tion q is the resulting prefix p.

3 Experiments

In this section, we assess the effectiveness of Stream Aligner
in three evaluation metrics: helpful and harmless QA, math
questions, and summary tasks. We further analyze the evalu-
ation results and do an ablation study on these situations.

Experiment Setup

Dataset We use different datasets for each task: HH-RLHF
(Bai et al. 2022a) for helpful and harmless QA, and MATH
(Hendrycks et al. 2021) for math and reasoning tasks '. Con-
sidering that no current dataset constructs a fine-grained pref-
erence in these two datasets, we create two additional datasets
based on the prompts given in these two datasets. We use

'We choose these two distinct tasks to prove the effectiveness of
Stream Aligner on both QA tasks and reasoning tasks.
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Alpaca-7B (Taori et al. 2023), Llama2-(7B, 70B)-Chat (Tou-
vron et al. 2023), Llama3-(8B, 70B)-Instruct (Meta 2024) as
upstream models to generate original answer sentences, and
we take GPT-4 (Achiam et al. 2023), Llama3-70B-Instruct,
Qwenl.5-110B-Chat (Team 2024) as annotators to refine the
suffix sentences after generation. These refinements were
conducted under a well-written prompt demonstrating the
constraint and principles of our correction paradigm, which
we expect the Stream Aligner to learn from: Rewrite the bad,
improve the neutral, and keep the good.

Models We train Stream Aligner-(2B, 8B) models based
on Gemmal.1-2B (Team et al. 2024) and Llama3-8B foun-
dation models using the dataset above. We then incorporate
them into the deploying pipeline described in Section 2, with
Llama3-(8B,70B)-Instruct as upstream models.

Evaluation Metrics Our evaluation metrics vary on dif-
ferent tasks, but the core idea remains the same: Compete
the win rate with the direct answer of the upstream model.
We sample a test set from BeaverTails (Ji et al. 2024b) and
MATH for evaluation. We directly generate answers from
upstream models and use the Stream Aligner pipeline to gen-
erate a corrected answer. We then utilize powerful models
(in our case, GPT-4 for helpful & harmless QA and math)
to evaluate the two answers and took the win rate of Stream
Aligner against the upstream model as the evaluation result.

Experiment Results

The performance of Stream Aligner pipeline on math and
helpful & harmless QA tasks is shown in Figure 3. Under
these tasks, we can observe an outstanding improvement in
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Figure 3: Performance of Stream Aligner models. (a) The win rate of Llama2-70B-Chat + Stream Aligner-2B on helpfulness
and harmlessness, compared to the baseline generated by Llama2-70B-Chat. (b) The win rate (accuracy) of Llama3-8B-
Instruct + Stream Aligner-2B and Llama3-70B-Instruct + Stream Aligner-8B on math, compared to the zero-shot baseline. It is
demonstrated that Stream Aligner achieves excellent performances across all evaluation metrics for every task. Furthermore, the
overall performance of Stream Aligner tends to increase with the number of correction rounds, converging to a stable value.

performance, with a maximum win rate of over 76.1% in
helpfulness, 36.0% in harmlessness, and 19.0% in math tasks.
It’s also worth noting that Stream Aligner-(2B,8B) model
can be utilized to correct the answer of up to 70B models,
demonstrating the scalability and efficiency of our method.

Performance on Helpful & Harmless QA  Figure 4 shows
the distribution shift of helpful and harmless scores after dif-
ferent rounds of sentence-level correction. In terms of helpful-
ness and harmlessness, due to the instability of the evaluation
methods, the performance of Stream Aligner shows signif-
icant fluctuations, yet there is an overall upward trend in
win rates during the early rounds. Beyond a certain number
of rounds, the helpfulness of Stream Aligner begins to de-
cline, while harmlessness continues to rise. This is because
the responses are becoming excessively verbose over time;
however, since Stream Aligner extensively learns from hu-
man preferences, its output remains consistently safe, thus
showing a generally upward trend in safety.

Performance on Math Task In math tasks, the perfor-
mance of Stream Aligner monotonically increases with the
number of rounds, indicating that Stream Aligner performs
well in reasoning tasks such as math. In these tasks, we
utilized two combinations of Stream Aligner models and up-
stream models: Llama3-8B-Instruct + Stream Aligner-2B and
Llama3-70B-Instruct + Stream Aligner-8B. By training on
the suffix preference dataset, both sets of models are able to
enhance the math capabilities of the upstream model after
certain rounds of correction, as is shown in Figure 3.

Ablation Study

Ablation on Stream Aligner Pipeline To verify the correc-
tion capabilities of the Stream Aligner paradigm with differ-
ent supervision quantities and different generation pipelines,
we conducted ablation studies on the generation methods
within the Stream Aligner pipeline across all tasks.

* Generation-Correction Frequency As seen in Figure 5,
the performance of the Stream Aligner pipeline increases
significantly with the number of generation-correction
cycles and continues to rise after surpassing the origi-
nal model. This demonstrates that Stream Aligner can
enhance the performance of the upstream model with
limited supervision and achieve even higher capabilities
under conditions of ample supervision.

* Generation Methods We performed an ablation study
between two methods within our generation-correction
pipeline. The main method, as previously described, iter-
ates through cycles of generation and correction, whereas
another method use Stream Aligner to continue generation
until the end of the answer after the final correction cycle.
The performance of these two pipelines on math tasks
is shown in Figure 5. This new pipeline demonstrated
excellent performance. It reached 80% of its maximum
win rate on helpfulness at / round and achieved a win
rate above zero on math at / round, which is significantly
lower than the classic pipeline. We hypothesize that this
improvement may be attributed to the performance rely-
ing heavily on the completeness and correctness of certain
key steps rather than distributed across all steps. However,
since the continuous generation pipeline is more compute-
consuming and converges to a similar result compared
to the direct generation pipeline, we still use the direct
generation pipeline as the main method.

Ablation on the size of Stream Aligner To validate that
Stream Aligner can fully elicit knowledge of the upstream
model, we conducted the ablation study about model sizes.
Specifically, we performed the experiment on math task but
with different sizes of the upstream model:

* We trained a Stream Aligner based on Llama3-70B-
Instruct on math tasks. The results indicate that the Stream
Aligner-70B, after 15 rounds of correction, enhanced the
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Figure 5: Ablation of generation pipeline. We performed an
ablation study about different generation pipelines on math
tasks and different sizes of upstream models. We observe that
under different upstream and Stream Aligner models, the new
continue generation pipeline exceeds the classical sentence-
by-sentence correction pipeline in terms of performance on
math tasks. When correction rounds increase, the win rate of
both pipelines will eventually converge to a constant value.

accuracy of Llama3-70B-Instruct by approximately 3.6%,
nearly identical to that of the Stream Aligner-8B. In the
subsequent five rounds, the accuracy improvement by
Stream Aligner-70B could reach 4.1%.

We also performed the same experiment on the Llama3-
8B-Instruct model, where we compared the inference
time and the performance of Stream Aligner-8B, Stream
Aligner-2B, and Stream Aligner-0.5B (shown in Figure
6). The result shows that Stream Aligner-8B can im-
prove 11.3% accuracy on Llama3-8B-Instruct, but Stream
Aligner-2B also reached 6.1% improvement using nearly
half of the inference time. Moreover, the Stream Aligner-
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Figure 6: Ablation on the inference time scaling. We con-
ducted an ablation study to examine the impact of differ-
ent additional model sizes on performance across varying
inference times, using the same upstream model. Our find-
ings reveal that while larger Stream Aligner models achieve
superior performance, smaller Stream Aligner models also
contribute to significant performance improvements for the
upstream model. Notably, smaller Stream Aligner models
reach performance convergence with a shorter inference time,
demonstrating their efficiency.

0.5B can also improve the performance of Llama3-8B-
Instruct, given the huge gap of additional model size.

Considering the huge gap in performance between the
models of difference size (Hoffmann et al. 2022) and the nar-
row gap of accuracy improvement, Stream Aligner paradigm
can elicit the knowledge of the upstream Model to a large
extent (Christiano, Xu, and Cotra 2021).
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Figure 7: Ablation of inference time methods. We con-
ducted an ablation study on math tasks to evaluate different
inference-time methods using the same upstream model. The
results show that Stream Aligner achieves the highest perfor-
mance improvement across all additional model sizes. No-
tably, Stream Aligner requires only a 2B additional model to
achieve performance comparable to a 70B additional model
of Aligner. This finding highlights that Stream Aligner not
only achieves a higher performance upper bound but is also
significantly more efficient compared to similar methods.

Comparison to other alignment methods To demonstrate
the performance enhancements of Stream Aligner compared
to other alignment methods, we constructed answer prefer-
ence datasets and sentence-level preference datasets using the
same prompt dataset across QA and reasoning tasks. Using
these datasets, we conducted an ablation study comparing
Stream Aligner with other alignment methods, such as SFT
and DPO. On Llama3-8B-Instruct, the accuracy improve-
ments for SFT and DPO were -0.5% and 0.3%, respectively,
whereas Stream Aligner achieved a significant accuracy im-
provement of 5.8%. These results highlight the superiority of
Stream Aligner over conventional alignment methods.

We also conducted ablation studies on Stream Aligner,
Aligner, and proxy-tuning (Liu et al. 2024). We repro-
duced Aligner and proxy-tuning on the math task, using the
Llama3-70B-Instruct as the upstream model and Llama3.2-
2B-Instruct, Llama3-8B-Instruct, Llama3-70B-Instruct as the
additional model. The accuracy improvements of Stream
Aligner and other inference-time methods are presented in
Figure 7. Our results demonstrate that Stream Aligner con-
sistently outperforms other inference-time methods across
all model sizes. Notably, Stream Aligner achieves the perfor-
mance of Aligner-70B using only 2B parameters, showcasing
both superior performance and efficiency in model size.

Additionally, our experiments reveal that under a standard
pipeline generation, the per-token inference time of Stream
Aligner is only 0.80 times that of Aligner when using the same
upstream and additional model of the same size. Moreover,
the first-token latency of Aligner is 10 times higher than that
of Stream Aligner, demonstrating Stream Aligner’s suitability
for deployment scenarios.

4 Interpretability of the Stream Aligner

Similar to Aligner, we observed the correction mechanism in
Stream Aligner: the correction behavior is not binary between
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Figure 8: Representation Control on Stream Aligner mod-
els. The control experiment shows the effectiveness of the
extracted correction representation vector in modulating the
Stream Aligner’s correction behavior. The relationship be-
tween the Average Levenshtein Ratio and representation vec-
tor coefficients is approximately linear, further proving the
effectiveness of the representation.

correct and copy, but rather a conditional paradigm and the
degree of reference to the original suffix and the extent of
extra correction mostly depends on the quality of the original
suffix. To demonstrate that Stream Aligner learned this cor-
rection mechanism as a representation, we conduct the exper-
iment based on representation engineering (Zou et al. 2023)
and activation steering (Turner et al. 2023; Li et al. 2024).
Specifically, we perform representation extraction and Lin-
ear Artificial Tomography (LAT) scan to the Stream Aligner
model trained for math tasks. We then utilized the extracted
representation to control the Stream Aligner’s generation.
The ratio of adding (or subtracting) the representation vec-
tor in the Stream Aligner activation will affect the quantity
of correction performed to the original suffix, ranging from
directly copying the original response to substantially in-
creasing the extent of normal correction (shown in Figure
8). This provides strong evidence that Stream Aligner has
internalized the correction paradigm as a representation, just
as the Aligner. After confirming the effectiveness of the rep-
resentations, we can analyze the relationship between the
representations and mechanisms as mentioned in Figure 9:

* The similarity of correction mechanism across tasks
The correction mechanism of Stream Aligner is quite sim-
ilar to Aligner in terms of representations, where both first
decide on the extent of additional correction to introduce
and then implement this decision in the remaining lay-
ers. This aligns with our initial intent when designing the
correction module: building an implicit discriminator and
generator within the model.

* The difference between helpful & harmless QA and
math correction tasks The number of layers involved in
deciding correction quantity in Stream Aligner seems to be
significantly more than in Aligner, and similarly, Stream
Aligner slightly exceeds Aligner in the decision-making
for copying. This not only confirms the complexity of
math tasks compared to helpful & harmless QA but also
aligns with the intuitive approach to math tasks: in mathe-
matics, identifying the exact location of an error is usually
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and Aligner: the layers where Stream Aligner decides to copy are similar to Aligner, but Stream Aligner has more layers where
corrections are decided compared to Aligner, which aligns with our intuition about math problems: typically in math problems,
once we identify the errors, we can correct them relatively easily.

the main task in correcting it.

5 Related Work

Inference strategies refinement These works aim to refine
the inference strategies to acquire better performance without
additional training of original models (Chen et al. 2023; Xu
et al. 2024; Lu et al. 2023), providing lightweight yet quite
effective alignment methods after training. For example, [PA
(Lu et al. 2023) incorporates a lightweight policy to replace
the calculation of the next-token probability and thereby opti-
mize the performance of the generation, but it directly needs
the logit distribution of upstream models, and Speculative
sampling (Chen et al. 2023) focuses more on accelerating
the generation, rather than performing alignment at inference
time.

In our work, the Stream Aligner is incorporated into the
generation pipeline of upstream models, but it does not di-
rectly require the logits and the weights of upstream models,
instead, it induces the policy of upstream models and can be
applied to various upstream models with only once training.

Incorporating additional model to the inference pipeline
These works aim to distill the alignment strategies into an ad-
ditional model that is incorporated into the inference pipeline
without accessing the internal parameters of the upstream
models (Ji et al. 2024a; Welleck et al. 2022; Yang and Klein
2021; Dathathri et al. 2019). For example:

¢ Self-correction (Welleck et al. 2022) trains a self-corrector
using an online sampling process, and uses this corrector
to correct the output of upstream models directly.

* RAIN (Li et al. 2023) applies a self-evaluation and cor-
rection mechanism to refine the output of the upstream
model, thereby achieving self-alignment.

* Proxy-tuning (Liu et al. 2024) is a lightweight decoding-
time algorithm that uses a small model (expert) and its
untuned version (anti-expert) to guide the predictions of
an LLM by applying a logit offset based on the differences
between the expert and anti-expert outputs.

Compared to previous works, Stream Aligner has the follow-
ing strengths:

» Stream Aligner focuses more on eliciting the latent knowl-
edge of the upstream model. In fact, Stream Aligner uti-
lizes sentence-level distribution induction rather than di-
rectly performing correction on the upstream model out-
put. This elicited the knowledge of upstream models, thus
less reliant on the capability of Stream Aligner models.

 Stream Aligner enable smaller additional models and bal-
ance between training efficiency and inference effective-
ness, making alignment methods more lightweight.

6 Conclusion

We introduce the Streaming Distribution Induce Aligner
(Stream Aligner), a novel alignment paradigm that better
elicits the latent knowledge of the upstream model and
combines efficiency with enhanced performance in various
tasks throughout the generation process. Stream Aligner has
achieved good results in both model size and performance. In
helpful & harmless QA, the Stream Aligner-2B has managed
to improve the helpfulness of the Llama2-70B-Chat model by
41.2%, and harmlessness by 36.0%. Furthermore, the Stream
Aligner-8B has achieved an improvement of 3.5% in the math
ability of the tested Llama3-70B-Instruct model.

Limitations While Stream Aligner introduces significant
improvements in aligning LLMs through sentence-level dy-
namic correction, several limitations are left unhandled in
this paper, and need further exploration: (1). Although Stream
Aligner employs smaller models compared to its predecessor,
Aligner, it still introduces additional computational overhead
during the inference phase. (2). Stream Aligner’s performance
needs relatively high-quality training data, and since Stream
Aligner uses smaller models, it naturally has trouble deal-
ing with extremely difficult out-of-distribution inputs. (3).
Limited to the computation resources, Stream Aligner only
focuses on two tasks: helpful & harmless QA and math, rep-
resenting value alignment and knowledge alignment tasks.
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Ethical Statement

With its comprehensive composition of preference ranking
annotations concerning helpfulness and harmlessness, the
Stream Aligner model and dataset hold immense potential
as a resource for developing beneficial Al assistants aligned
with optimal helpfulness and harmlessness along with en-
hancing the reasoning of LLMs. However, we acknowledge
an inherent risk: the same dataset could theoretically be used
to train Al assistants in a harmful or malicious manner. As
the creators of the Stream Aligner model and dataset, we are
committed to fostering the development of helpful, safe Al
technologies and have no desire to witness any regression
of human progress due to the misuse of these technologies.
We emphatically condemn any malicious usage of the Stream
Aligner dataset and advocate for its responsible and ethical
use.
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